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Chapter  1 

Learning  from  Physical  Analogies 


We  cannot,  coming  into  something  new,  deal  with  it  except  on  the  basis  of  the 
fauniliar  aind  the  old-faishioned...  We  cannot  leam  to  be  surprised  or  astonished  at 
something  unless  we  have  a  view  of  how  it  ought  to  be;  and  that  view  is  almost 
certainly  an  analogy.  We  cannot  learn  that  we  have  made  a  mistake  unless  we  can 
make  a  mistake;  and  our  mistake  is  almost  always  in  the  form  of  an  anadogy  to  some 
other  piece  of  experience.  (Oppenheimer,  1956,  pg.  129-130) 

To  make  programs  that  understand  and  interact  mth  the  world  as  well  as  people  do, 
we  must  duplicate  the  kind  of  flexibility  people  exhibit  when  conjecturing  plausible  expla¬ 
nations  of  the  diverse  physical  phenomena  they  encounter.  I  view  this  flexibility  as  arising 
from  an  ability  to  detect  similarities,  within  and  across  dom2dns,  between  the  various  phe¬ 
nomena.  Interpreting  an  observation  often  requires  the  flexible  integration  of  knowledge 
from  multiple  sources  and  the  formation  of  new  theories  about  the  world.  For  example, 
suppose  some  unusual  behavior  is  observed.  What  is  causing  it?  In  general,  the  process 
of  constructing  a  satisfactory  explanation  will  involve  drawing  upon  physical  analogies  - 
viewing  the  situation  and  its  behavior  as  similar  to  familiar  phenomena,  conjecturing  that 
they  share  2malogous  underlying  causes,  and  using  the  plausible  interpretation  as  a  foothold 
to  further  understanding,  analysis,  and  hypothesis  refinement. 

The  goal  of  this  work  is  to  develop  a  system  that  can  offer  plausible  answers  to  the 
types  of  questions  shown  in  Figure  1.1  by  relating  these  unfamiliar  situations  to  more 
familiar  concepts.  The  first  example,  a  hot  brick  immersed  in  cold  water,  is  taken  from 
the  classic  fluid  flow  -  heat  flow  analogy  that  led  to  the  development  of  the  caloric  theory 
of  heat.  The  second  example,  a  beach  ball  suspended  in  a  jet  of  air,  demonstrates  how 
approximate  hypotheses  proposed  through  similarity  may  be  discriminated  by  envisioning 
their  consequences.  The  third  example  demonstrates  how  the  same  analogy  approach  may 
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•  What  causes  a  hot  brick  and  cold  water  to  change  to  the  sanae  median  temperature 
when  the  brick  is  immersed  in  the  water? 


This  situation  may  be  explciined  if  it  is  assumed  analogous  to  liquid  flowing  &om  one  container 
to  another.  The  assumption  is  supported  by  the  brick’s  temperature  and  the  water’s  temperature 
asymptotically  approaching  equality.  It  requires  further  assumptions  that  the  brick  and  water 
contain  hypothesized  substance  sk-water-6  and  that  the  brick  and  water  temperatxires  are  pro¬ 
portional  to  the  amount  of  sk-water-6  they  contain.  Then,  when  the  brick  and  water  are  placed 
in  contact,  their  difference  in  temperatures  causes  the  transfer  of  sk-water-6  from  the  brick  to  the 
water.  This  explanation  consistently  predicts  the  observed  behavior. 


•  A  beachball  may  be  suspended  in  a  vertical  colunm  of  flowing  air,  as  in  a  vacuum 
cleaner  set  in  reverse.  What  holds  the  ball  in  place  and  why  is  it  so  stable? 


Two  explanations  may  be  proposed.  In  one,  the  air  is  ptishing  on  either  side  of  the  ball,  holding 
it  in  place.  In  the  other,  an  air  pressure  difference  is  pulling  on  either  side  of  the  ball,  holding  it 
in  place.  However,  the  first  explanation  fruls  to  accurately  explain  the  situation,  since  offsetting 
the  ball  to  the  right  results  in  increased  force  towards  the  right,  which  is  not  stable.  The  second 
explanation  consistently  predicts  the  observed  behavior,  since  offsetting  the  ball  to  the  right 
results  in  increased  force  to  the  left,  which  is  stable. 


•  A  beaker  and  a  vi2Ll,  each  containing  water,  are  connected  by  objects.  What  is  causing 
the  water  in  the  be^tker  to  decrease  while  the  water  in  the  vial  is  increasing? 

This  situation  appears  to  be  an  instance  of  liquid  flow  if  it  is  assumed  that  objects  is  a  fluid 
path.  Then,  the  beaker  pressure  being  greater  th^ua  the  vial  pressure  would  cause  the  water  to 
flow  from  the  beaker  to  the  vial  through  objects,  until  their  pressures  Me  equal.  This  explanation 
consistently  predicts  the  observed  behavior. 

Figure  1.1:  The  types  of  questions  this  thesis  is  designed  to  answer. 
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be  used  to  provide  answers  to  conventional  abductive  inference  situations,  in  this  case  by 
finding  that  liquid  flow  is  the  best  analogue  to  the  given  liquid  flow  scenario. 

This  chapter  begins  by  suggesting  that  explanation  and  analogy  share  a  common  core, 
in  which  the  search  for  explanatory  similarity  is  the  driving  force  behind  all  forms  of  expla¬ 
nation.  Crucial  to  such  a  unified  view  is  a  powerful  model  of  analogy,  which  is  summarized 
in  Section  1.2.  Section  1.3  then  defines  a  special  caise  of  general  explanatory  analogies, 
physical  analogies.  Section  1.4  introduces  PHINEAS,  a  program  which  uses  physical  analo¬ 
gies  to  provide  plausible  explanations  of  observed  physical  phenomena  and  enhance  its 
understanding  of  the  physical  world.  Finally,  Section  1.5  provides  a  reader’s  guide  to  the 
subsequent  chapters  of  this  thesis. 


1.1  Explanation 

.A.n  important  aspect  of  understanding  and  interacting  with  the  physical  world  is  proposing 
causal  explanations  for  what  we  see  around  us.  When  existing  knowledge  is  sufficient  for 
explanation,  this  is  commonly  called  the  interpretation  or  diagnosis  task:  select  the  theory 
that  provides  the  best  account  of  the  phenomenon.  When  knowledge  is  lacking,  the  task 
becomes  one  of  theory  formation:  conjecture  a  new  or  revised  theory  that  will  account 
for  the  phenomenon.  Typically,  explanation,  interpretation,  and  diagnosis  are  decoupled 
from  theory  formation  in  AI.  Yet  they  are  intimately  related,  representing  different  levels  of 
certainty  within  a  common  process.  Interpretation  typically  involves  making  assumptions 
due  to  incomplete  knowledge  about  the  situation.  Theory  formation  typically  involves 
making  assumptions  about  both  the  situation  and  the  incompleteness  of  current  theories. 

Abduction  is  the  process  that  generates  explanations.  It  is  a  form  of  inference  that  fits 
the  following  pattern  (Josephson  et  al.,  1987):^ 

Z)  is  a  collection  of  data  (facts,  observations,  givens); 

H  explains  D  (would,  if  true,  imply  D); 

no  other  hypothesis  explains  D  as  well  dis  H  does; 

therefore,  H  is  correct. 

For  example,  if  we  see  that  the  grass  is  wet,  and  we  know  that  rain  makes  the  grass 
wet,  we  might  hypothesize  that  it  had  rained  recently.  If  the  sky  was  cloudy,  this  would 

'There  is  a  possible  distinction  between  the  abduction  process,  normally  associated  with  backchaining, 
and  its  ultimate  product,  a  deductive  proof  tree  normaUy  having  some  assumptions  at  the  leaves.  Through¬ 
out  this  chapter,  we  are  primarily  interested  in  the  abstract  product,  independent  of  backchaining,  in  which 
assumption  of  some  unknown  antecedent  facts  is  required  to  complete  the  explanation. 
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(a)  (b) 


Figure  1.2:  Two  extremes  of  abduction:  (a)  simple  backward  chaining  on  an  atomic  goal 
and  (b)  best  match  relating  explanation  patterns  to  observation  patterns. 

lend  credence  to  our  hypothesis.  However,  this  is  a  guess.  The  sprinklers  might  have  been 
on  recently  (Pearl,  1987). 

Abduction  is  inference  to  the  best  explanation,  that  is,  if  the  hypothesis  were  true,  it 
would  explain  the  phenomenon.  There  are  two  key  phrases  here.  “If  it  were  true”  indicates 
that  not  all  of  the  relevant  knowledge  may  be  known  and  assumptions  may  be  required 
to  fill  in  the  gaps.  The  process  of  finding  candidates  and  the  assumptions  that  must  be 
made  along  the  way  will  be  called  the  interpretation-construction  task.  “It  would  explain 
the  phenomenon”  indicates  that  the  hypothesis  would  explain  the  phenomenon,  not  that 
it  is  the  correct  explanation.  There  may  be  other  hypotheses  that  would  explain  it  as 
well.  The  process  of  deciding  which  hypothesis  is  the  best  explanation  will  be  called  the 
interpretation-selection  task. 

Analogy  and  abduction  share  both  interpretation  tasks.  They  must  each  propose  a 
plausible  set  of  candidates  that  fit  the  current  situation  and  they  must  each  select  from 
those  candidates  the  one(s)  that  will  be  accepted  as  the  final  interpretation.  The  model  of 
explanation  developed  in  this  thesis  is  based  on  the  view  that  analogy  suffices  as  the  central 
process  model  for  explanation  tasks.  There  are  two  arguments  supporting  this  view. 

First,  consider  the  basic  abduction  process.  The  backchaining  model  of  abduction 
works  well  for  explaining  simple  atomic  occurrences  (Figure  1.2(a)),  such  as  Wet  (grass). 
However,  as  the  complexity  of  the  phenomenon  being  explained  increases,  our  ability  to 
simply  backchain  to  a  small  set  of  plausible  causes  diminishes.  The  entirety  of  the  situation 
must  be  considered  and  all  of  the  interrelations  between  aspects  taken  into  account  (Fig¬ 
ure  1.2(b)).  In  a  complex,  multi-faceted  phenomenon,  meaning  arises  out  of  consideration 
of  the  whole.  Hence,  most  multi-faceted  explanation  systems  are  based  on  some  form  of 
macro-matching,  typically  in  terms  of  schemas  or  frames,  that  seeks  minimal  hypothesis 
sets  maximally  fitting  the  data.  This  is  true  of  script-based  models  of  story  understand¬ 
ing  (e.g.,  Charniak,  1972;  DeJong,  1982),  process  models  for  interpreting  the  behavior  of 
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Figure  1.3:  Four  alternative  explanation  scenarios:  (a)  deduction  scenario,  (b)  assumption 
scenario,  (c)  generalization  scenario,  (d)  analogy  scenario. 


a  physical  system  (e.g.,  Forbus,  1986a),  and  composite  matching  models  of  abduction  and 
diagnosis  (e.g.,  Reggia,  1983;  Josephson  et  al.,  1987).  The  desire  for  a  minimal  hypothesis, 
best  match  is  further  implicitly  reflected  in  the  Occam’s  razor  heuristic  found  in  simpler 
models,  which  backtrack  on  one  piece  of  data  at  a  time  (e.g.,  Pople,  1973).  In  other  words, 
interpretation  and  explanation  2ire  a  form  of  best  match  process,  with  the  goal  of  matching 
the  current  situation  to  that  which  could  explain  it.  Adaptability  can  be  achieved  without 
loss  of  function  by  generalizing  the  identicality  of  unification-based  models  with  the  more 
general,  constrained  similarity  match  of  analogy. 

Second,  consider  the  foUovring  explanation  scenarios  (Figure  1.3): 

Deduction  scenario:  Given  phenomenon  'P,  where  P  represents  a  set  of  observables, 
a  complete  explanation  of  P  deductively  follows  from  existing  knowledge.  The  oidy  open 
question  is  if  it  is  the  explrmation,  as  there  may  be  others.  For  example,  suppose  fluid 
flow  is  observed  and  all  of  the  preconditions  for  fluid  flow  are  known  to  hold  (e.g.,  the 
source  pressure  is  greater  than  the  destination  pressure,  the  fluid  path  is  open,  etc.).  Then 
a  fluid  flow  explanation  directly  follows.  Given  the  observed  behavior  rind  the  existing 
preconditions,  we  could  say  that  the  situation  is  trivially  analogous,  or  literally  similar  to 
liquid  flow. 

Assumption  scenario:  Phenomenon  P,  where  P  represents  a  set  of  observables,  is  given. 
No  explanation  can  be  grounded  with  current  knowledge  because  not  all  of  the  relevant  facts 
are  known.  However,  a  complete  explemation  follows  from  the  union  of  existing  knowledge 
and  a  consistent  set  of  assumptions  about  the  missing  facts.  For  example,  if  liquid  flow  is 
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observed  but  we  don’t  know  if  the  fluid  path  valve  is  open  or  closed,  we  may  assume  the 
valve  is  open  if  there  is  no  evidence  to  the  contrary. 

Generalization  scenario:  Phenomenon  'P,  where  V  represents  a  set  of  observables,  is 
given.  Existing  knowledge  indicates  that  candidate  explanation  £  cannot  apply  because 
condition  C\  is  known  to  be  false  in  the  current  situation.  However,  £  does  follow  if  condi¬ 
tion  Cl  is  replaced  by  the  next  most  general  relation,  since  C\s  sibling  is  true  in  the  current 
situation.  This  is  a  standaird  knowledge  base  refinement  scenario  (e.g,.  Smith  et  al.,  1985). 

Analogy  scenario:  Phenomenon  P,  where  P  represents  a  set  of  observables,  is  given. 
No  candidate  expltmation  £  is  available  directly,  but  explanation  is  available  if  a  series 
of  analogiccd  assumptions  are  made,  that  is,  if  the  situation  explained  by  £(,  is  assumed 
anailogous  to  the  current  situation.  For  example,  if  heat  flow  is  observed,  but  little  is 
known  about  heat  phenomena,  then  an  explanation  may  be  constructed  by  analogy  to 
liquid  flow. 

Each  scenario  must  perform  the  interpretation-construction  task:  retrieve  from  mem¬ 
ory  explanatory  h3rpotheticals  matching  the  current  situation.  Each  must  perform  the 
interpretation-selection  task:  select  from  a  set  of  candidate  hypotheses  that  which  is  most 
probable,  plausible,  coherent,  etc.  If  the  best  we  can  do  is  distant  analogy,  then  that  is 
the  best  we  can  do.  Why  should  abductive  assumptions  be  limited  to  assumptions  over 
the  boolean  truth  values  of  unknown  facts?  Abduction  should  be  broadened  to  include 
assumptions  about  the  vadidity  of  a  generadization  or  the  validity  of  am  anadogy  relation. 
Is  osmosis  a  generadization  of  stamdard  liquid  flow,  or  is  it  merely  amalogous?  What  about 
a  siphon?  At  what  point  does  something  stop  being  a  within-domain,  literal  similairity 
compairison  and  become  an  across-domain  anadogy  comparison?  Ideally,  an  explanation 
facility  should  be  able  to  say  “the  observed  phenomenon  P  is  extremely  like  phenomenon 
P'  in  the  relevant  relations”,  even  if  some  required  condition  is  believed  absent.  Consider 
a  chemical  reaction  R  needing  catalyst  C.  If  the  effects  of  R  are  seen,  yet  the  catadyst  is 
not  present,  we  should  still  be  reminded  of  that  chemical  reaction  if  no  better  hypothesis 
exists. 

Existing  explamation  systems  suffer  from  the  adaptability  problem:  they  are  unable  to 
offer  a  best  guess  in  light  of  am  imperfect  domain  theory  and  unable  to  apply  knowledge  of 
one  domain  to  the  understamding  of  another.  We  can  solve  this  problem  by  (1)  generalizing 
abduction  to  include  amalogical  aissumptions  and  (2)  developing  a  unified  aixchitecture  to 
support  such  abduction.  This  motivates  the  following  conjecture: 


•  Similarity  conjecture:  All  interpretation-construction  tasks  may  be  characterized 
eis  the  search  for  maodmal,  explanatory  similarity  between  the  situation  being 
explained  and  some  previously  explained  scenario.  The  previous  situation  may 
be  drawn  from  an  actual  experience,  a  prototypical  experience,  or  an  imagined 
scenario  derivable  from  general  knowledge. 

In  some  sense  this  conjecture  is  conservative  and  plausible.  Yet  historically  AI  sys¬ 
tems  have  not  operated  this  way.  Part  of  the  reason  has  been  the  view  that  identifying 
similarity  is  computationally  intractable  (Hayes-Roth  &  McDermott,  1978;  Winston,  1980; 
Kline,  1983;  Greiner,  1986).  This  thesis  counters  that  claim  with  an  efficient  and  flexi¬ 
ble  algorithm  for  performing  similarity  matches,  implemented  in  a  program  called  SHE.  A 
consequence  of  the  similarity  conjecture  is  that  the  strong  distinction  between  deductive 
explanation  processes  and  analogical  explanation  processes  should  be  eliminated.  While 
phenomenologically  distinguishable,  this  does  not  necessarily  imply  a  distinction  in  the 
process  model.  The  same  basic  processes  may  be  used  in  each  explanation  scenario  and  the 
distinctions  between  them  correspond  to  how  well  existing  knowledge  supports  the  expla¬ 
nation.  Everyday,  common  deductive  operations  correspond  to  the  high  confidence  derived 
from  identicality  matches.  We  can  reformulate  the  traditional  abduction  processes  as  being 
special  cases  of  analogical  explanation. 

A  corollary  to  the  similarity  conjecture  is  that  the  same  basic  processes  axe  used  in 
both  scientific  theory  formation  Jind  everyday  interpretation  and  hypothesis  formation. 
The  famous,  analogy -induced  discoveries  chronicled  in  the  history  of  science  literature  are 
rare  because  (1)  science  is  difficult  and  (2)  they  represent  analogical  reasoning  in  its  purest 
and  most  difficult  form  -  the  sifting  through  irrelevant  details  to  recognize  similarities  that 
lay  hidden  and  thus  reformulate  a  problem  in  an  entirely  new  light.  A  scientific  theory 
is  distinguishable  from  everyday  conjectures  by  its  degree  of  specificity  in  accounting  for 
phenomena  zmd  by  how  carefully  it  is  analyzed.  However,  there  is  nothing  fundamentally 
different  in  the  basic  process  (see  (Leatherdale,  1974)  for  a  similar  claim). 

The  benefits  of  this  view  are  a  single  computational  architecture  for  explanation  pro¬ 
cesses.  Distinctions  between  explanation  types  only  influence  weighing  of  evidence  and 
deciding  whether  a  new  conjecture  represents  a  revision  of  existing  knowledge  or  a  new 
separate  body  of  knowledge.  This  thesis  seeks  to  demonstrate  the  feasibility  of  this  view  by 
developing  a  system  that  uses  analogical  similarity  to  focus  the  search  for  explanations  and 
develop  novel  theories  when  existing  knowledge  is  insufficient.  It  should  not  be  construed 
as  a  claim  that  the  explanation  problem  has  been  solved  by  using  analogy.  Rather,  it  is 
intended  as  an  important  first  step  towards  that  goal. 
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1.2  Analogy 

The  primairy  research  topic  of  this  thesis  is  the  analogy  process,  with  explanation  in  phys¬ 
ical  domains  the  application  task.  How  are  analogies  initially  recognized?  How  are  they 
elaborated  to  sanction  new  inferences  about  a  novel  situation?  What  is  analogy’s  role  as 
aid  to  a  more  global  performance  element?  In  particulair,  how  may  it  be  applied  to  the 
task  of  providing  plausible  explanations  of  physical  phenomena? 

Analogy  may  be  described  as  having  three  functional  blocks:  given  a  current  target 
situation  (1)  access  retrieves  another  description,  the  base^  from  memory  which  is  analogous 
or  similar  to  the  target  in  some  respects,  (2)  mapping  isolates  a  set  of  correspondences 
between  the  base  and  target  and  uses  them  to  support  the  transfer  of  additional  base 
knowledge  to  the  target,  and  (3)  evaluation  and  use  estimates  the  quality  of  the  analogy 
and  uses  it  for  some  performance  task. 

A  central  point  of  this  thesis  is  that  analogy  is  often  an  active,  iterative  process  of 
hypothesis  formation,  testing,  and  revision.  Previous  accounts  of  analogy  have  focused  on 
matching  two  descriptions  to  produce  new  knowledge.  My  account  goes  beyond  these  by 
explicating  the  role  of  analogy  in  explanation  and  learning.  This  thesis  explores  several  new 
questions  in  analogical  reasoning  and  learning.  How  is  an  analogy  used  once  it  is  estab¬ 
lished?  What  role  does  analogy  play  during  an  extended  period  of  reasoning  and  problem 
solving?  Analogy  may  sometimes  be  an  atomic,  “single  inference”  process.  However,  often 
it  is  not. 

1.2.1  Access 

In  previous  models  of  an«Jogy,  one  starts  with  a  partially  understood  model  of  a  domeiin  (or 
a  teacher-supplied  analogical  hint  which  serves  the  same  purpose).  This  incomplete  model 
is  then  used  to  gain  access  to  a  fully  understood  analogue  and  to  constrain  the  mapping 
from  the  analogue  to  the  current  model.  Analogical  learning  situations  pose  an  interesting 
problem  -  when  entirely  new  theories  are  developed,  or  knowledge  of  the  current  domain 
is  strongly  underspecified,  such  a  model  of  analogy  fails  to  function  due  to  lack  of  infor¬ 
mation.  This  led  Burstein  (1986,  pg.  352)  to  claim  that  matching  “cannot  be  the  basis 
of  a  general  theory  of  learning  by  analogy”.  However,  this  precludes  autonomous  learning 
(his  system  worked  in  the  context  of  a  tutor).  Something  must  match  to  trigger  the  initial 
recognition  of  similarity,  and  this  match  may  then  be  used  to  sanction  further  inferences.  I 
claim  that  three  types  of  information  are  generally  available  in  autonomous  learning  situa¬ 
tions:  (1)  knowledge  of  what  information  is  desired  and  what  purpose  it  should  serve,  (2) 
correlations  between  available  and  desired  information,  and  (3)  abstractions  characterizing 
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various  aspects  of  the  situation.  Important  strategies  in  accessing  einalogies  are  keying  on 
whatever  knowledge  is  most  readily  available,  is  most  complete,  and  is  correlated  to  infor¬ 
mation  sought.  For  example,  given  a  complete  behavioral  model  and  a  scant  causal  model, 
it  would  be  wise  to  key  on  similar  behavior  rather  than  focusing  solely  on  the  causal  model 
of  primciry  interest.  The  resulting  reminding  provides  a  candidate  analogue  and  an  initial 
set  correspondences  that  constrain  the  mapping  process. 

This  thesis  adopts  that  strategy.  Behavioral  similarity  is  used  to  initiate  and  guide 
the  analogy  process.  For  example,  consider  constructing  an  explanation  for  the  heat  flow 
situation  depicted  at  the  top  of  Figure  1.1  (a  hot  brick  immersed  in  cold  water).  Little 
is  known  about  thermal  phenomena  and  what  causes  the  two  objects  shown  to  change 
temperature  the  way  they  do.  However,  more  is  known  about  the  behavior.  This  may  be 
used  to  seek  2in  experience  (real,  prototypical,  or  constructed)  that  demonstrates  the  same 
detailed  type  of  behavior.  Knowledge  of  the  particular  physical  configuration,  the  domain, 
and  any  initial  interpretations  that  fill  in  some  gaps  may  be  used  to  constrain  the  search 
and  augment  the  description  when  the  behavior  is  underspecified.  For  example,  the  way 
the  temperatures  <ire  asymptoticcdly  approaching  each  other  suggests  that  perhaps  a  single 
exchange  is  taking  place  between  the  two  objects.  Suppose  liquid  flow  is  suggested  based 
on  how  its  behavior  is  similar  to  what  is  happening.  This  similarity  suggests  an  initial  set 
of  correspondences  between  the  two  situations:  the  cooling  brick  to  the  source  of  liquid 
flow,  the  heating  water  to  the  destination  of  liquid  flow,  and  temperature  to  pressure.  We 
can  then  recall  what  explains  the  liquid  flow  behavior  and  attempt  to  map  it  to  the  current 
heat  flow  situation. 

1.2.2  Mapping 

Once  a  candidate  analogue  has  been  identified,  mapping  serves  to  complete  the  initial  set 
of  correspondences  (matching)  and  propose  inferences  sanctioned  by  those  correspondences 
(carryover).  The  approach  to  mapping  used  in  this  thesis  is  a  modification  of  Centner’s 
(1980,  1983,  1988)  Structure-mapping  theory  oi  analogy.  Structure-mapping  provides  rules 
for  analogical  mapping  which  axe  based  solely  on  the  structural  properties  of  domain  de¬ 
scriptions,  rather  than  on  their  content.  Furthermore,  it  introduces  the  systematicity  prin¬ 
ciple,  which  states  that  the  amount  of  common  higher-order  relational  structure  determines 
which  of  several  possible  matches  is  preferred. 

Chapter  2  reviews  the  structure-mapping  theory  and  describes  limitations  that  have 
been  found  with  it.  These  center  around  its  assertion  that  relations  must  match  identically 
and  that  only  the  structural  properties  of  domain  descriptions  determine  the  mapping.  No 
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Figure  1.4:  Potentially  analogous  situation  descriptions.  In  one,  alcohol  left  sitting  in  an 
open  beaker  is  disappearing.  In  the  other,  salt  is  dissolving  in  a  glass  of  water. 


domain-specific  or  problem-specific  information  is  used  by  the  mapping  process.  It  would 
have  difficulty,  for  example,  establishing  a  correspondence  between  the  cylindrical  shape 
of  one  liftable  cup  and  the  handle  of  another  liftable  cup.^  It  could  not  reason  about  the 
content  of  the  situation  descriptions  to  see  that  the  two,  non-identical  expressions  provide 
the  same  function. 

This  thesis  adopts  a  knowledge-intensive  view  of  the  structure-mapping  paradigm,  czdled 
contextual  structure-mapping,  which  is  described  in  Chapter  2.  It  uses  knowledge  of  the 
representations  being  matched  and  the  current  reasoning  task  to  help  constrain  and  giiide 
the  match. 

Suppose  we  observe  a  situation  in  which  alcohol  left  sitting  in  an  open  beaker  is  disap¬ 
pearing.  Further  suppose  that  our  knowledge  of  physical  phenomena  is  limited  to  various 
kinds  of  liquid  flows,  heat  flows,  boiling,  and  dissolving.  We  might  propose  that  processes 
like  liquid  flow  or  boiling  were  taking  place.  Consider  how  a  third  possibility,  salt  dissolving 

^This  is  a  recaning  example  in  the  machine  learning  literature,  originating  in  (Winston  et  al.,  1983). 
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in  a  glass  of  water,  may  be  used  to  propose  an  explanation  for  the  alcohol’s  disappearance. 
The  initial  descriptions  for  the  alcohol  situation  (the  target)  and  the  dissolving  situation 
(the  base)  are  shown  in  Figure  1.4.  Comparing  these  situations,  two  interpretations  appear 
to  be  possible.  In  one,  glass4  and  waterl  correspond  to  bealcer2  and  alcoholl,  respec¬ 
tively.  In  the  other,  saltl  would  correspond  to  alcoholl,  since  they  are  both  decreasing. 
Systematicity,  the  preference  to  maximize  the  amount  of  shared  relational  structure,  pro¬ 
vides  little  gmdance  and  would  appear  to  prefer  the  former  interpretation.  However,  the 
purpose  of  the  analogy  is  to  explain  the  observed  behavior,  and  only  the  second  interpreta¬ 
tion  provides  a  comparison  which  includes  the  behavior.  In  contextual  structure-mapping, 
knowledge  of  current  reasoning  goals,  such  as  the  preference  to  focus  on  features  being 
explcuned,  combine  with  systematicity  to  influence  which  matches  are  preferred. 

1.2.3  Transfer 

The  role  of  mapping  is  to  establish  correspondence  and  identify  base  information  potentially 
inferrable  for  the  target.  These  candidate  inferences  are  hypotheses  which  must  pass  a  series 
of  evaluative  processes  before  being  accepted  as  holding  for  the  target  domain.  The  first  of 
these  is  transfer.  Transfer  is  concerned  with  importing  candidate  inferences  into  the  target 
domain  and  making  them  operational.  This  centers  around  ensuring  consistent  expression 
use  and  identifying  unknown  objects  proposed  by  the  mapping.  The  model  of  transfer 
developed  in  this  thesis  has  two  important  characteristics.  First,  it  provides  an  expanded 
account  of  the  complexities  in  importing  proposed  analogical  inferences  into  the  target 
domain.  Second,  mapping  and  transfer  may  interact  in  an  iterative  manner  by  repeating 
the  match  in  light  of  additional  information  found  during  transfer’s  examination  of  the 
proposed  inferences. 

The  saltl  to  alcoholl  correspondence  provides  a  partial,  initial  explanation  by  sup¬ 
porting  the  inference  that  something  analogous  to  the  Dissolving-Process  may  explain 
the  alcohol’s  behavior.  However,  this  process  describes  the  interactions  between  saltl  and 
waterl,  yet  there  is  no  apparent  correspondent  for  waterl  in  the  alcohol  scenario.  Further¬ 
more,  predicate  type  restrictions  are  violated  for  some  of  the  imported  base  relations  being 
applied  to  target  objects.  For  example,  Iinmersed-in(alcoholl,?unknown)  is  improper, 
since  the  first  argument  to  Immersed- in  must  be  a  solid  object,  while  alcoholl  is  a  liq¬ 
uid.  To  resolve  these  problems,  the  carryover  component  must  seek  additional  knowledge 
about  the  alcohol  situation.  To  seek  an  alternative  to  Lmnersed-in,  it  first  determines 
that  Immersed- in  was  in  the  dissolving  scenario  to  ensure  physical  contact  between  the 
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salt  and  the  water.  Seeking  objects  having  physical  contact  with  the  alcohol,  we  find  that 
the  atmosphere  is  Touching  the  alcohol  due  to  the  open  beaker. 

Detecting  and  resolving  these  problems  is  an  important  component  of  attempting  to  use 
the  results  of  mapping.  Analogical  inferences  (e.g.,  Dissolving-Process  and 
Inmersed-in(alcoholl,?unknoTO))  represent  information  in  the  base  that  had  no  corre¬ 
spondent  in  the  target  description.  These  must  be  examined  before  being  posited  as  new 
target  knowledge.  Since  base  relations  are  being  imported,  they  may  apply  predicates  to 
objects  or  propositions  other  than  their  conventional  referents.  Substitutes  for  such  pred¬ 
icates  must  be  found  or  created.  These  inferences  may  also  contain  unknown,  anticipated 
objects:  slots  occupied  in  the  base  representation  by  objects  that  had  no  correspondent  in 
the  match.  A  corresponding  target  object  must  be  found,  or  the  existence  of  the  unknown 
object  postulated. 

Since  a  new  object,  atmosphere,  and  information  about  it  have  been  added  to  the 
current  working  vocabulary  of  the  target  alcohol  scenario,  mapping  should  be  repeated 
using  this  augmented  description.  Although  not  the  case  in  this  example,  we  could  find 
that  atmosphere  is  a  better  correspondent  fur  saltl  than  is  alcoholl. 

Proposed  inferences  represent  holes  in  the  match.  They  need  not  represent  new  knowl¬ 
edge,  but  may  simply  indicate  places  where  additional  knowledge  should  be  retrieved  to 
help  complete  the  analogy.  Transfer  conducts  focused  probes  into  memory  to  seek  more 
information  about  places  where  the  similarity  match  was  incomplete.  If  additional  knowl¬ 
edge  is  found,  transfer  will  augment  the  existing  base  and  target  descriptions  and  iterate 
back  to  the  mapping  process,  to  see  if  the  new  information  will  affect  the  overall  mapping. 
Mapping  and  transfer  combine  to  form  a  map  and  analyze  cycle  to  provide  focus  to  the 
analogical  mapping  process.  Were  we  to  retrieve  everything  we  possibly  knew  about  the 
base  and  target  prior  to  mapping,  a  great  deal  of  time  might  be  spent  on  unconstrained 
inferencing.  By  initiating  the  match  on  what  appears  to  be  relev^lnt  from  immediately 
available  information,  transfer  may  focus  on  seeking  the  specific  information  the  match 
indicates  is  lacking. 

Comparing  the  original  dissolving  situation  with  the  augmented  disappearing  alcohol 
scenario,  we  find  that  vaterl  corresponds  to  atmosphere,  while  saltl  corresponds  to 
alcoholl  as  before.  In  the  process,  we  must  place  Immersed-inCsaltl.saterl)  in  corre¬ 
spondence  with  TouchingCalcoholl  .atmosphere),  since  both  ensure  physical  contact.  This 
second  match  is  complete  enough  to  enable  consistent  transfer  of  the  dissolving  explanation 
into  the  evaporation  situation.  There  are  no  unknown  objects  in  the  proposed  explanation 
and  all  predicate  instances  are  consistent  with  their  declared  usage. 

This  last  phase  demonstrates  an  extension  to  structure-mapping  theory’s  identicality 
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requirement.  Knowledge  about  the  representations  is  used  when  finding  correspondences 
by  stating  that  items  may  match  if  they  are  functionally  analogous.  Items  are  functionally 
analogous  if  they  provide  the  same  inferential  support  in  the  context  of  the  structures  being 
matched.  This  enables  Immersed-in  to  match  Touching.  In  the  cups  example  described 
above,  it  would  find  that  the  first  cup’s  cylindrical  shape  corresponds  to  the  second  cup’s 
handle  by  virtue  of  their  both  supporting  the  common  constraint  of  being  liftable. 

1.2.4  Verification- Based  Analogical  Learning 

Evaluating  the  quality  of  a  proposed  analogy  and  using  it  for  some  performance  task  is 
a  crucial  phase  of  the  analogy  process.  Ate  the  proposed  inferences  correct,  likely  to  be 
correct,  or  consistent?  Because  of  the  approximate  nature  of  the  process,  the  proposed 
inferences  must  be  examined  to  be  sure  they  even  predict  the  very  situation  they  were 
intended  to  explain.  Most  models  avoid  this  validity  issue  by  either  stopping  once  infer¬ 
ences  are  produced  (Holyo2dc  Thagard,  1988b;  Kass  et  al.,  1986)  or  requiring  deductive 
analogies  in  which  the  results  could  have  been  achieved  (more  slowly)  without  the  anal¬ 
ogy  (Kling,  1971;  Carbonell,  1983a;  Kedar-Cabelli,  1985b).  Inferences  produced  by  analogy 
must  be  questioned.  This  is  reflected  in  the  following  requirement: 

•  Verification  requirement:  When  possible,  the  results  of  analogy  must  be  tested 
empirically  and  against  other  knowledge. 

Verification-based  analogical  learning  (VBAL)  is  designed  specifically  to  satisfy  this 
requirement.  In  VBAL,  analogical  learning  is  seen  as  an  iterative  process  of  hypothesis 
formation,  verification,  and  revision,  centered  eiround  the  requirement  to  confirm  accuracy 
and  increase  the  likelihood  of  being  correct.  It  relies  on  analogical  inference  to  propose 
explanations  and  gedanken  experiments  (i.e.,  simulation)  to  analyze  their  validity. 

Consider  the  floating  beachball  behavior  introduced  in  Figure  1.1  and  repeated  in  Fig¬ 
ure  1.5.  Two  hypotheses  appear  to  be  possible.  One  proposes  that  the  air  is  pushing  on  the 
ball  from  either  side,  holding  it  in  place.  The  other  recalls  that  air  flowing  over  an  object 
can  have  a  pulling  effect  (due  to  a  pressure  gradient),  as  in  the  lift  provided  an  airplane 
wing.  How  may  we  evaluate  these  two  hypotheses?  Having  passed  all  the  tests  so  far 
(i.e.,  correlated  information  selected  during  access  and  local  consistency  checks  performed 
during  mapping),  the  best  thing  to  do  is  try  them  out.  Do  they  generate  a  complete  and 
consistent  explanation?  If  not,  then  hypothesis  generation  sind  revision  must  continue. 

In  this  case,  we  find  that  while  both  proposals  are  locally  consistent  (i.e.,  no  direct 
contradictions  with  existing  knowledge),  only  one  of  them  consistently  predicts  the  observed 
behavior.  According  to  the  “pushing”  explanation,  offsetting  the  ball  to  the  right  results  in 
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Figure  1.5;  A  beachball  suspended  in  a  vertical  column  of  flowing  air  is  extremely  stable. 
Is  the  flowing  air  pushing  on  both  sides,  or  is  it  “pulling”  on  each  side? 


increased  force  towards  the  right  due  to  the  additional  air  flow  on  the  left.  This  violates  the 
stability  aspect  of  the  observed  behavior.  The  “pulling”  explanation,  however,  consistently 
predicts  the  observed  behavior.  Offsetting  the  ball  to  the  right  results  in  increased  force  to 
the  left,  which  draws  it  back  into  the  center  of  the  air  stream. 

Had  both  hypotheses  fzdled,  we  would  be  faced  with  the  revision  problem:  how  to  refine 
the  results  of  an  analogy  when  it  is  found  to  be  awry.  Analogy  for  problem  solving  is 
intimately  tied  with  theory  revision.  It  produces  approximate,  heuristic  conjectures  that 
may  need  adjustment.  This  thesis  depicts  the  revision  stage  as  being  roughly  equivalent 
to  the  original  generation  of  explanatory  hypotheses.  It  considers  behavior  analogous  to 
that  which  led  to  the  need  for  revision  and  considers  how  the  current  anomalous  situation 
differs  from  prior  situations  that  were  consistently  explained.  In  this  manner,  revision 
starts  the  whole  process  over  again  -  what  might  be  causing  the  einomaly,  is  it  similar  to 
other  observed  behaviors,  and  so  forth. 


1.3  Physical  Analogies 

A  causal  model  of  a  physical  system  may  be  analyzed  to  give  rise  to  a  sequential  description 
of  what  will  happen  in  the  world.  For  example.  Figure  1.6  shows  a  simple  model  for  a  spring- 
block  oscillator  and  the  physical  behavior  it  predicts.  The  predicted  behavior  may  then 
be  compared  to  actual  observation  (Figure  1.7),  to  verify  that  the  continuous  operation  of 
the  oscillator  corresponds  to  stepping  through  the  eight  predicted  states.  Thus,  physical 
analogies,  such  as  “Heat  is  like  water”,  have  the  unique  characteristic  that  they  relate 
runnable  models  (Waltz,  1981;  Centner  &:  Stevens,  1983),  that  is,  one  may  actually  envision 
heat  “flowing”  from  one  location  to  another.  One  may  reeison  about  them,  make  predictions, 
and  observe  their  results.  Furthermore,  models  of  physical  systems  may  be  decomposed 
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Figure  1.6:  A  qualitative  model  for  a  spring-block  oscillator  and  its  corresponding  envi 
sionment. 


into  different  perspectives  of  the  same  phenomenon.  For  example,  a  behavioral  model  of 
w'.cer  flow  would  describe  the  physical  action  of  water  flowing,  while  a  causal  model  for 
water  flow  would  relate  the  activation  of  flow  to  the  inequality  of  pressures. 

Physical  models  are  defined  to  be  models  about  physical  phenomena  which  have  the 
two  following  characteristics.  First,  the  models  being  compared  must  be  generative,  that 
is,  runnable  and  applicable  to  new,  unforeseen  situations.  This  means  that  systematic 
analysis  of  the  model  will  produce  measurable  predictions  for  the  physical  world.  Second, 
the  models  must  be  decomposable  into  different  perspectives  of  the  same  phenomenon. 
Thus,  the  same  physical  system  may  have  a  behavioral  model,  a  causal  model,  a  structural 
model,  and  a  quantitative  model.  Physical  analogies  are  defined  to  be  analogies  which 
relate  physical  models.  In  this  work,  I  focus  on  learning  causal  models.  A  causal  model 
may  be  defined  as  a  collection  of  axioms  or  rules  for  some  domain  which  explains,  by  causal 
argument,  the  behavior  of  the  domain. 

1.3.1  Qualitative  Physics 

An  interesting  type  of  model  is  a  naive  or  qualitative  model  of  physics.  People  are  able 
to  use  common  sense  knowledge  to  understand  and  predict  everyday  physical  occurrences 
such  as  throwing  a  ball,  boiling  a  pot  of  water,  or  breaking  a  glass  bowl.  They  are  able 
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to  reason  about  these  occurrences  in  simple,  qualitative  terms,  without  need  of  a  formal, 
mathematical  physics.  For  example,  upon  encountering  a  pot  of  water  on  a  hot  stove,  a 
person  would  be  able  to  predict  that  “the  water  will  heat  up  and  eventually  begin  to  boil.” 
They  are  able  to  use  purely  qualitative  terms,  without  knowledge  of  the  precise  quantities 
or  durations  involved. 

A  qualitative  simulator  takes  a  model  of  a  particvdar  physical  configuration  and  produces 
a  description  of  the  possible  behaviors  for  the  given  situation,  called  an  envisionment.  An 
envisionment  describes  physical  states  and  the  possible  transitions  between  them.  The 
behavior  of  the  system  through  time  may  then  be  represented  as  a  single  path  through  the 
envisionment,  with  each  state  representing  an  interval  of  time  in  which  behavior  does  not 
change.  Such  a  path  will  be  called  a  history,  alter  (Hayes,  1979). 

This  thesis  uses  Forbus’  Qualitative  Process  Theory  (1981,  1984)  as  the  primairy  formal¬ 
ism  to  represent  and  reason  about  change  in  the  physical  world.  In  QP  theory,  physical 
changes  such  as  moving,  colliding,  bending,  heating  up,  and  cooling  down  are  thought  of  as 
processes.  A  key  tenet  of  Forbus’  theory  is  that  processes  are  central  to  human  knowledge 
about  physical  domains  (Forbus  &  Centner,  1983).  In  QP  theory,  a  situation  is  represented 
eis  a  coUection  of  objects,  a  set  of  relationships  between  them,  and  a  set  of  processes  which 
account  for  all  changes  in  the  world.  Each  object  has  a  set  of  continuous  parameters,  such 
as  TEMPERATURE  and  PRESSURE,  which  are  represented  as  quantities.  Each  quantity  has  an 
amount,  as  in  A  [TEMPERATURE  (brick) ] ,  and  a  derivative,  as  in  D  [TEMPERATURE (bri ck)  ] . 
Amounts  and  derivatives  are  constrained  by  the  inequality  relations  which  hold  among  the 
different  quantities  (the  quantity  space). 

Process  definitions  have  five  components:  individuals,  preconditions,  quantity  condi¬ 
tions,  relations,  and  influences.  The  individusds  specify  what  objects  would  be  involved  in 
the  process  if  it  were  active,  the  preconditions  and  quantity  conditions  indicate  when  the 
process  will  be  active,  and  the  relations  and  influences  specify  what  relations  will  hold  while 


Figure  1.7:  The  behavior  of  a  frictionless  spring-block  oscillator. 
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Process  Simple-Liquid-Flov 
Individuals 

?soarce,  a  contained  liquid 

Tdestination,  a  contained  liquid 

?path,  a  liquid  path  connected  to  Tsource  and  ?destination 

Preconditions 

Aligned (?path) 

QuantityConditions 

Pressure(?source)  >  Pressure (?destination) 

Relations 

q=(FlosRate(?li-process-instance) , 

[Pressure(?source)  -  Pressure(?destination)] ) 
FlowRate(?lf-process-instance)  >  Zero 
Influences 

Ctrans(Amount-Of (?source) ,Amount-0f (?destination) , 

FlovRate(?lf -process -instance)) 


Figure  1.8:  A  QP  Theory  definition  of  the  liquid  flow  process. 


the  process  is  active.  Preconditions  are  changeable  conditions  that  cannot  be  predicted  in 
terms  of  change  to  continuous  quantities.  Quantity  conditions  correspond  to  changes  in 
the  relative  relationship  between  two  quantities  and  are  predictable  from  the  qualitative 
model.  A  typical  QP  theory  definition  for  the  water  flow  process  is  shown  in  Figure  1.8. 

An  additional  type  of  QP  theory  description  is  the  individual  view.  Individual  views 
represent  various  configurations  and  states  of  objects  that  may  be  subject  to  dynamical 
conditions  (e.g.,  a  spring  may  be  stretched,  relaxed,  or  compressed).  They  are  expressed 
in  the  same  manner  sis  processes  (i.e.,  individuals,  preconditions,  quantity  conditions,  and 
relations),  but  differ  in  that  they  have  no  influences. 

A  central  goal  of  this  thesis  is  the  use  analogy  for  the  development  of  theories  about 
the  physical  world.  Using  the  QP  formalism,  a  “theory”  consists  of  a  set  of  process  de¬ 
scriptions  (implemented  using  defProcess),  individual  view  descriptions  (defView),  entity 
descriptions  (defEntity),  and  atomic  facts. 

Interpreting  observations  of  the  behavior  of  a  physical  system  may  be  performed  by 
finding  a  path  through  a  total  envisionment  for  the  system  which  corresponds  to  the  ob¬ 
servations.  Forbus  (1986a)  presents  such  a  theory  of  measurement  interpretation  (ATMI) 
and  describes  the  implementation.  It  takes  an  envisionment  about  the  scenario  and  a  set 
of  time-ordered  measurements.  A  model  is  able  to  provide  an  explanation  for  the  observa¬ 
tions  if  a  path  through  the  envisionment  it  produces  can  be  found  which  corresponds  to  the 
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measurements.  For  example,  the  plot  of  Figure  1,7  would  be  divided  into  temporal  inter- 
vcds  of  qualitatively  equivalent  measurements  (e,g.,  velocity  >  0  and  incre^lsing)  and  then 
compared  to  the  eight-state  description  of  Figure  1.6.  When  measurement  interpretation 
fails,  it  must  be  because  the  measurement  sampling  was  incomplete,  the  physical  system  is 
broken,  or  the  qualitative  domain  model  was  incorrect.  This  work  addresses  the  problem 
of  incomplete  and  inconsistent  domain  models  and  does  not  address  the  sampling  problem 
or  system  troubleshooting. 

1.4  PHINEAS 

The  basic  model  of  analogy  described  in  Section  1.2  is  instantiated  in  PHINEAS,  a  fully  im¬ 
plemented  program  that  offers  qualitative  explanations  of  time  varying  physical  behaviors. 
It  relies  cn  analogical  inference  to  hypothesize  new  theories,  and  uses  qualitative  simula¬ 
tion  as  a  form  of  gedanken  experiment  to  analyze  their  validity.  It  uses  an  iterative  process 
consisting  of  four  primary  stages  (Figure  1.9): 

1.  Behavior  match.  Behavioral  similarity  is  used  to  initiate  amd  guide  analogy.  Anew 
observation  triggers  a  search  for  previously  understood  experiences  that  exhibited 
ancdogous  behavior.  Abstractions  of  the  observed  situation  and  its  behavior  are  used 
to  provide  indices  into  memory.  The  result  of  this  stage  is  a  candidate  analogue  and 
an  initial  set  of  correspondences  between  the  two  domains  that  serve  to  guide  the 
mapping  process. 

2.  Theory  generation.  The  objective  of  the  second  stage  is  to  produce  a  fully  opera¬ 
tional  initial  hypothesis  about  the  current  domain.  This  has  two  components.  First, 
the  models  used  to  explain  analogous  aspects  of  the  recalled  experience  are  retrieved 
and  cinalogically  mapped  into  the  current  domain.  This  mapping  is  guided  by  the 
initial  correspondences  found  in  the  behavioral  comparison.  Second,  to  operationalize 
the  model,  any  unknown  entities  and  properties  it  requires  must  be  inferred  from  the 
domain  theory  or  their  existence  must  be  postulated. 

3.  Gedanken  analysis.  The  operational  model  is  used  to  construct  an  explanation 
of  the  present  observation.  It  is  used  to  generate  an  envisionment  of  the  scenario, 
which  is  then  compared  to  the  original  observation.  If  the  explanation  is  consistent 
and  complete,  then  the  explaination  is  considered  successful.  If  the  explamation  is 
inconsistent  or  fails  to  provide  complete  coverage,  then  revision  is  required. 
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Figure  1.9:  Functional  decomposition  of  PHINEAS. 


4.  Revision.  If  an  initial  hypothesis  fails,  or  an  old  hypothesis  is  inadequate  for  a  new 
situation,  an  attempt  is  made  to  adapt  it  around  points  of  inaccuracy.  Revision  relies 
on  past  experiences  to  guide  the  formation  and  selection  of  revision  hypotheses.  It 
considers  behavior  analogous  to  the  current  anomaly  and  considers  how  the  current 
anomalous  situation  differs  from  prior  situations  that  were  consistently  explained. 

The  revision  module  is  only  pairtially  implemented.  Every  other  aspect  of  PHINEAS  is 
fully  implemented  and  tested  on  over  a  half  dozen  examples. 

PHINEAS  demonstrates  how  analogical  reasoning  and  learning  can  be  used  in  scientific 
investigation  or  everyday  physical  interpretation.  Good  scientific  investigation  involves 
asking  the  right  questions,  questions  which  are  motivated  by  highly  plausible  conjectures 


19 


and  potentizdly  fruitful  lines  of  inquiry.  Analogy  provides  a  frame  of  reference  from  which 
to  draw  expectations  and  motivate  such  questions.  It  can  provide  an  initial  foothold  into 
a  new  domain,  whic’’  may  then  be  debugged  and  eventually  stand  on  its  own. 


1.5  Reader’s  Guide 

This  thesis  presents  a  detailed  study  of  the  role  of  analogy  in  explanation  and  learning, 
focusing  on  qualitative  explanation  of  physical  phenomena,  and  an  implemented  program, 
called  PHINEAS  which  demonstrates  the  feasibility  of  the  approach. 

Chapter  2  describes  a  general  framework  for  analogical  processing,  its  components,  and 
its  roles  in  reasoning.  It  then  reviews  Centner’s  structure-mapping  theory  and  discusses 
the  technical  limitations  that  have  been  found  with  it.  This  is  followed  by  a  presentation 
of  contextual  structure-mapping,  which  addresses  these  limitations.  The  chapter  includes  a 
number  of  specific  problems  in  einalogy  research  which  need  addressing. 

A  prerequisite  to  general  analogical  processing  is  the  ability  to  detect  similarity  by 
identif3dng  correspondences.  Chapter  3  describes  the  structure-mapping  engine  (SME),  a 
general  tool  for  performing  various  types  of  anaJogical  matchings.  The  SME  algorithm  is 
briefly  reviewed  (see  (Falkenhainer  et  al.,  1987)  for  a  complete  description),  followed  by 
a  detailed  description  of  how  it  is  configured  to  model  the  contextual  structure-mapping 
process.  The  program  is  then  analyzed  from  both  analyticad  and  empirical  perspectives. 

The  next  four  chapters  sequentially  discuss  how  each  step  in  the  ainalogy  process  is 
performed.  Each  of  these  chapters  is  accompanied  with  working  examples  from  PHINEAS 
demonstrating  that  phase  of  the  process. 

Chapter  4  describes  the  approach  to  access,  which  focuses  on  analogous  behaviors  to 
guide  the  formation  of  causal  explanations. 

Chapter  5  describes  the  mapping  and  transfer  phase  of  the  analogy  process.  It  explains 
how  analogy  may  be  used  to  propose  novel  theories  and  the  various  techniced  difficulties 
that  arise  when  knowledge  is  ported  from  one  domain  to  another. 

Chapter  6  discusses  verification-based  analogical  learning  and  the  importance  of  the 
evaluation  and  use  phases  of  analogical  processing.  It  reviews  the  process  of  measurement 
interpretation,  which  is  in  charge  of  determining  if  a  proposed  explanation  accurately  pre¬ 
dicts  the  observed  behavior.  The  chapter  shows  how  VBAL  serves  three  roles  in  analyzing 
proposed  explanations:  as  confirmation,  as  discrimination,  and  as  analysis  of  coverage. 

Chapter  7  discusses  how  initial,  flawed  hypotheses  may  be  revised  into  complete,  consis¬ 
tent  explanations.  Unlike  the  other  chapters  in  this  thesis,  which  are  fully  implemented,  this 
chapter  describes  a  proposed  approach  to  revision,  which  has  yet  to  be  fully  implemented. 
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The  PHINEAS  implementation  and  how  the  different  program  modules  actually  com¬ 
bine  to  produce  coherent  behavior  is  described  in  more  detail  in  Chapter  8.  Chapter  9 
demonstrates  the  operation  of  PHINEAS  with  a  number  of  detailed  examples.  It  provides  a 
complete  description  of  each  example  from  start  to  finish,  unlike  the  piecewise  examples  of 
the  preceding  chapters.  Chapter  10  concludes  with  a  summary,  discussion  of  related  work, 
and  suggestions  for  future  research. 
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Chapter  2 


Similarity  Comparisons  and 
Analogical  Processing 


Explanation  through  physical  analogies  requires  a  robust  model  of  the  analogy  process.  This 
chapter  establishes  the  requisite  terminology,  describes  a  general  framework  for  anadogical 
processing,  what  its  components  are,  and  the  requirements  of  a  comprehensive  model.  It 
begins  by  examining  the  different  aspects  of  analogy  amd  its  various  roles  in  reasoning.  It 
then  reviews  Centner’s  Structure-mapping  theory,  the  primary  source  for  the  definition  of 
similarity  used  in  this  thesis,  and  discusses  some  of  its  limitations.  Contextual  structure¬ 
mapping,  an  adaptation  of  Centner’s  theory  which  addresses  these  limitations,  is  then 
presented.  Finally,  some  general  problems  in  analogy  research  are  discussed. 


2.1  The  Analogy  Process 

Analogy  is  a  mapping  between  one  domain  description  (the  hose)  and  another  (the  target) 
that  identifies  a  correspondence  between  their  respective  bodies  of  knowledge.  Not  all 
mappings  represent  analogies  and  part  of  analogy  research  objective  must  be  to  define 
what  mappings  will  be  considered  emalogical.  Each  domain  description  consists  of  a  set 
of  objects  and  a  set  of  related  facts  about  those  objects.  Analogy  then  matches  a  base 
description  with  a  target  description  of  varying  levels  of  completeness.  When  knowledge 
of  both  domains  is  equal,  analogy  indicates  where  the  correspondences  are  and  hsis  no 
predictive  power.  Typically,  the  target  will  lack  certain  relations  and  analogical  inference 
may  occur;  relations  which  hold  in  the  base  but  are  not  currently  known  to  hold  in  the 
target  are  mapped  into  the  target  domain  if  sanctioned  by  existing  correspondences.  Hence, 


analogy  is  most  useful  when  familiar  knowledge  may  be  mapped  to  am  unfamiliar  situation, 
providing  the  necessary  machinery  to  generate  further  inferences. 

Analogy  is  a  complex  problem,  and  the  appropriate  decomposition  is  critical.  Without 
a  good  decomposition,  it  is  easy  to  contend  with  several  semi-independent  problems  at 
once  and  become  lost  in  the  space  of  possible  mechanisms.  A  number  of  researchers  have 
recognized  that  analogy  may  be  divided  into  at  least  the  following  three  subprocesses  (e.g., 
Clement,  1981;  Centner  &  Landers,  1985;  Centner,  1988;  Kedar-Cabelli,  1985a;  Hadl,  to  appear, 
Falkenhainer,  1986): 

1.  Access.  Civen  a  current  target  situation,  the  first  role  of  access  is  to  retrieve  from 
long-term  memory  a  body  of  prior  knowledge,  the  base,  which  is  analogous  or  similar 
to  the  target.  Second,  it  should  attempt  to  garner  out  those  features  of  the  base 
that  are  pertinent  to  the  analogy,  by  examining  it  in  Light  of  the  current  reasoning 
context.  These  two  aspects  may  occur  simultaneously.  Here  we  will  define  the  first 
aspect  as  retrieval  and  the  second  as  relevant  feature  selection.  Using  the  terminology 
of  Clement  (1981,  1982),  both  cispects  of  access  are  required  for  spontaneous  analogy 
•  analogies  which  occur  without  prompting.  When  the  base  and  target  are  explicitly 
given,  or  when  hints  are  provided  {provoked  analogy),  the  access  stage  may  be  reduced 
or  eliminated  entirely. 

2.  Mapping.  The  mapping  stage  consists  of  identifying  a  coherent  set  of  analogical 
correspondences  between  the  base  and  target  {matching  component),  and  possibly 
inferring  additional  base  knowledge  for  the  target  {carryover  component).  Matching 
may  involve  extending  previously  existing  correspondences.  This  match  may  also 
sanction  a  set  of  candidate  inferences  that  identify  additional  knowledge  possibly 
transferable  to  the  target.  The  quality  of  a  match  may  be  a  function  of  several  factors: 
similarities,  differences,  and  the  amount  and  type  of  new  knowledge  or  insight  the 
analogy  provides.  Not  all  models  distinguish  between  matching  and  inference,  in 
which  case  mapping  consists  solely  of  carrying  over  a  set  of  relevant  base  relations. 

3.  Evaluation  and  Use.  The  validity  of  the  match  and  the  inferences  it  sanctions 
must  be  examined  through  further  reetsoning  processes,  such  as  problem  solving, 
coi  sistency  verification,  or  experimentation.  Evaluation  of  validity  may  occur  as 
a  separate  verification  process,  as  a  side-effect  of  use  in  a  more  global  reasoning 
context,  or  as  some  combination  of  the  two.  Cooperative  interplay  may  occur  between 
mapping’s  process  of  creating  inferences  and  attempts  by  the  performance  element 
to  evaluate  and  use  the  inferences. 


23 


As  a  functional  specification,  rather  than  a  modular  decomposition,  the  above  three 
components  specify  the  general  tasks  that  any  treatment  of  analogy  must  address.  Dif¬ 
ferences  among  alternate  treatments  typically  correspond  to  where  the  modularity  line 
between  the  tasks  is  drawn,  how  the  tasks  interact,  and  how  each  task  is  actually  per¬ 
formed.  It  is  generally  agreed  that  the  mapping  stage  is  central  to  analogy,  and  most 
researchers  have  focused  on  this  component. 

Another  important  distinction  for  analogy  is  based  on  its  intended  use  and  thus  what 
functionedity  a  model  of  analogy  must  provide.  Different  uses  may  be  distingmshed  by  the 
types  of  inferences  they  draw.  Take  to  denote  the  analogical  inference  operation, 

while  a  statement  of  analogical  correspondence  will  be  represented  by  the  operator. 
We  may  then  describe  analogical  inference  as  being  of  the  form 

n  ~  "Pt  A 

Vb  A  Qi,  A 

Vt  A  Unknown  [Qt] 

Qt 

Given  that  sets  of  known  facts,  Vb  and  Vt,  are  the  same  or  similar  (Vb'^Vt),  and  that  a 
set  of  facts,  Qb,  are  known  to  hold  while  the  status  of  a  related  set  of  facts  Qt  is  currently 
not  known  (but  perhaps  may  be  derived),  infer  that  Qt  also  holds  (under  whatever  trans¬ 
formations  allowed  Vb  and  Vt  to  match).*  The  statement  of  similarity  may  be  given  (e.g., 
Burstein,  1983;  Greiner,  1988),  or  autonomously  derived.  Other  constraints  are  generally 
required,  such  as  that  Qt  is  consistent  and  that  2j.  be  somehow  correlated  to  Vb-  I  will 
return  to  this  issue  in  Section  2.4.4. 

Borrowing  from  Indurkhya  (1987),  we  may  formally  classify  two  types  of  analogical 
inference: 

Definition  2.1  A  set  of  analogical  inferences  are  deductively  sound  (d-sound)  if  every 
sentence  being  mapped  is  logically  entailed  by  the  target.  The  inferences  are  inductively 
sound  (i-sound)  if  they  are  merely  consistent  with  the  target,  rather  than  entailed  by  it.^ 

Thus,  some  analogical  inferences  may  be  seen  as  knowledge  which  exists  for  the  target 
domain,  yet  is  not  explicitly  stated  (i.e.,  search  or  inference  would  be  required  to  retrieve  it). 

^This  is  a  fairly  standard  definition,  but  differs  &om  that  used  by  Greiner  (1988),  whose  learning  model 
requires  that  the  status  of  unknown  hold  over  the  deductive  closure. 

^Indurkhya  (1987)  uses  coherent  and  its  subset,  $trongly  coherent,  to  refer  to  the  entire  analogical 
mapping  (matches  plus  inferences).  I  adopt  d-sound  and  i-sound  because  of  the  alternate  meanings  of 
“coherent”  in  the  literature.  This  represents  a  deviation  bom  (Falkenhainer,  1986),  which  used  the  term 
“coherent”. 
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Other  analogical  inferences  represent  new  knowledge  -  conjectured  facts  about  the  target 
domain.  This  is  an  important  distinction  for  categorizing  the  different  uses  of  analogy: 

Similarity-Based  Generalization.  In  analogy,  one  may  use  the  simil2Lrity  between  two 
concepts  found  during  the  matching  stage  to  form  a  single,  generalized  concept. 
This  corresponds  closely  to  many  empirical  (often  called  similarity-bEised)  learn¬ 
ing  methods,  some  of  which  use  pattern  matching  techniques  to  detect  similarities 
in  the  structural  representation  of  features  (e.g.,  Hayes-Roth  &  McDermott,  1978; 
Michalski,  1980;  Hoff  et  al.,  1982;  Skorstad  et  al.,  1988). 

Analogical  Reasoning.  Analogical  reasoning  is  concerned  with  improving  the  effective 
use  of  existing  knowledge.  It  involves  using  past  experiences  as  heuristics  to  guide  or 
accelerate  current  reasoning  processes,  as  in  using  analogical  inferences  to  recommend 
promising  search  paths.  For  example,  in  (Kling,  1971),  analogy  to  a  past  problem 
suggests  which  clauses  should  be  used  in  a  new  theorem  proving  task.  Carbonell 
(1983a)  uses  traces  of  past  reasoning  steps  to  help  guide  search  in  planning  tasks. 
Kedar-Cabelli  (1985b)  uses  known  examples  of  some  concept  to  guide  a  proof  that  a 
new  object  is  an  instance  of  that  concept.  This  classification  also  applies  to  most  case- 
hased  reasoning  systems,  which  draw  on  previous  instances  of  similar  situations  for 
guidance  (e.g.  Kolodner  et  al.,  1985;  Bain,  1986).  Here  a  strict  definition  of  reasoning 
by  analogy  will  be  employed,  in  which  analogy  is  used  for  guidance,  and  mapping  amd 
use  combine  to  produce  d-sound  inferences. 

Analogical  Learning.  Analogical  learning  is  concerned  with  the  acquisition  of  new  knowl¬ 
edge.  Given  similarity  between  Ti,  and  Vt,  assume  the  truth  of  Qt,  where  the  status 
of  Qt  cannot  be  determined  in  the  current  deductive  closure.  Roughly,  if  a  target 
situation  is  encountered  which  is  believed  to  be  similar  to  some  well  understood  base 
situation,  perhaps  additional  knowledge  available  about  the  base  may  also  hold  for 
the  tuget.  Thus,  analogical  learning  uses  i-sound  analogical  inferences  to  posit  new 
knowledge  about  the  target  domain  (e.g.,  Burstein,  1983;  Greiner,  1988). 

These  uses  of  analogy  may  be  intermixed.  The  results  of  analogical  reasoning  processes 
may  be  stored,  which  is  an  analogy-independent  process  equivalent  to  analytical  learning 
(EBL).  In  addition,  one  may  use  the  results  of  analogical  learning  to  form  a  more  general 
concept  description.  For  example,  knowledge  of  the  solar  system  could  be  used  to  learn 
about  the  Rutherford  model  of  the  atom.  In  turn,  these  could  be  used  to  form  a  general 
concept  of  central- force  systems. 
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This  thesis,  in  combining  interpretation  and  theory  formation  paradigms  is  concerned 
with  both  analogical  reasoning  ajid  cinalogical  learning.  Similarity  to  experience  is  used 
to  suggest  plausible  explanations.  If  this  represents  an  existing  theory,  then  analogi¬ 
cal  reasoning  has  been  performed.  If  it  represents  a  novel  (i.e.,  at  the  knowledge  level 
(Dietterich,  1986))  theory,  then  analogical  learning  has  been  performed.  However,  most 
emphasis  is  placed  on  learning,  since  it  is  the  more  difficult  of  the  two  and  must  work  extra 
hard  to  maximize  the  probability  of  correctness,  a  desirable  trait  in  general. 

From  this  taxonomy,  we  can  see  that  the  two  primary  functions  of  analogy  are  (1) 
establishing  similarity  and  (2)  sanctioning  analogical  inferences.  While  this  is  perhaps 
rather  obvious,  it  is  important  to  keep  in  mind.  Few  computational  models  of  analogy 
explicitly  provide  both  functions. 


2.2  Structure  Mapping  Theory 

The  model  of  mapping  used  in  this  thesis  is  an  adaptation  of  Centner’s  (1980,  1983,  1988) 
structure-mapping  theory  (SMT)  of  analogy.  This  section  review’s  Centner’s  theory  and 
introduces  some  of  the  theoretical  distinctions  that  have  been  drawn  hrom  it.  Problems 
encountered  with  the  structure-mapping  theory  which  helped  to  motivate  the  hybrid  model 
used  in  this  thesis  are  then  discussed  in  the  next  section. 

Structure-mapping  describes  the  set  of  implicit  constraints  by  which  people  process 
mappings  of  analogy  amd  similarity.  It  is  based  on  the  intuition  that  analogies  are  about 
relations,  rather  than  simple  features.  No  matter  what  kind  of  knowledge  (causal  models, 
plans,  stories,  etc.),  it  is  the  structural  properties  (i.e.,  the  interrelationships  between  the 
facts)  that  determine  the  content  of  an  analogy.  The  target  objects  do  not  have  to  resemble 
their  corresponding  base  objects,  but  are  placed  in  correspondence  due  to  corresponding 
roles  in  the  common  relational  structure. 

Structure-mapping  theory  states  that  predicates  etre  mapped  from  the  base  to  the  target 
according  to  the  following  three  mapping  rules: 

1.  Discard  isolated  object  descriptions  (e.g.,  RED)  unless  they  are  involved  in  a  larger 
relational  structure. 

2.  Try  to  preserve  relations  between  objects. 

3.  Use  systematicity  to  determine  which  relations  are  mapped.  Systematicity  states 
a  preference  for  systems  of  relations  as  exhibited  by  the  existence  of  higher-order 
relations  (e.g.,  CAUSE). 
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Figure  2.1:  Two  physical  situations  involving  flow  (adapted  from  Buckley,  1979). 

This  mapping  must  he 

•  one-to-one:  No  bzise  item  maps  to  two  target  items  and  no  target  item  maps  to  two 
bcise  items. 

•  structumlly  consistent:  If  relations  Bi  and  Tj  are  placed  in  correspondence,  then  their 
arguments  must  exhaustively  correspond  as  well. 

•  identical:  Only  identical  relations  are  allowed  to  match.^ 

Centner’s  theory  is  important  in  that  it  provides  rules  for  analogical  mapping  that 
are  based  solely  on  the  structural  properties  of  domain  descriptions,  rather  than  on  their 
content.  This  provides  a  general  mapping  component  applicable  to  a  variety  of  analogy 
tasks,  including  concept  learning,  problem  solving,  and  many  types  of  metaphor  interpre¬ 
tation.  Furthermore,  the  systematicity  principle  captures  the  tacit  preference  for  deep, 
well-supported  knowledge  in  amalogy  rather  than  shallow  associations.  Analogy  implies 
that  a  relational  system  from  one  situation  may  be  applied  to  another,  independent  of 
superflciai  similarity  or  dissimilarity. 

For  example,  consider  the  water  flow  -  heat-flow  analogy  shown  in  Figure  2.1  (from 
Forbus  &  Centner,  1983).  To  process  this  analogy  according  to  the  rules  of  SMT,  one 
must 

•  Set  up  the  object  correspondences  (e.g.,  beaker  goes  to  coffee). 

revision  to  allow  non-identical  matching  for  functions  appearing  as  arguments  of  identical  relations 
appears  in  (Centner,  1988). 
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•  Discard  isolated  object  attributes  (e.g.,  (Liquid  water)). 

•  Map  the  water  flow  relations  into  their  corresponding  heat  flow  relations. 

•  Observe  systematicity  by  focusing  on  relations  belonging  to  a  systematic  relational 
structure. 


2.3  Limitations  of  Structure-mapping  Theory 

Centner’s  model  has  many  attractive  features.  However,  several  limitations  have  been 
found  in  attempting  to  apply  it  to  a  complex  learning  task.  First,  structure-mapping 
theory  requires  that  aU  relations  are  mapped  identically  between  base  and  target  situations. 
This  requirement  is  important  in  that  it  establishes  semantic  correspondence  between  the 
structures  being  matched.  However,  while  examples  of  cinalogies  satisfying  the  identicality 
restriction  are  easily  constructed,  it  is  too  strong  to  achieve  generality.^  As  Burstein  (1983) 
has  pointed  out,  it  is  difficult  to  m<iintain  relational  identicality  when  mapping  between 
physically  realizable  situations  and  purely  abstract  ones.  For  exeunple,  relating  how  a  box 
can  “contain”  things  to  the  way  a  computer  variable  can  “contain”  a  value.  They  share 
similar  properties,  but  generally  are  distinguished,  as  in  INSIDE  and  INS  IDE- VAR. 

A  second  difficulty  with  SMT  is  the  assertion  that  systematicity  is  the  sole  selec¬ 
tion  criterion  for  deciding  among  possible  interpretations  during  mapping.  One  prob¬ 
lem  is  that  the  largest  common  relational  system  may  not  have  anything  to  do  with 
the  intended  goals  of  the  analogy.  If  we  are  interested  in  learning  about  heat  capac¬ 
ity  by  analogy  to  container  volume  in  the  liquids  domain,  we  don’t  want  the  potentiedly 
larger  relational  match  between  heat  flow  and  liquid  flow  to  be  the  analogy.  Much  of 
the  selection  process  may  be  performed  prior  to  mapping  by  examining  the  base  knowl¬ 
edge  in  the  current  problem  solving  context,  as  sanctioned  by  SMT  and  demonstrated  by 
(Greiner,  1986;  Falkenhainer,  1986;  Kedar-Cabelli,  1988).  Thus,  if  we  were  interested  in 
learning  about  heat  capacity,  only  knowledge  about  fluid  capacity  need  be  considered  dur¬ 
ing  mapping.  However,  there  are  two  factors  that  work  to  defeat  systematicity  as  a  sole 
selection  criterion:  ambiguity  and  lack  of  knowledge. 

Mapping  may  often  be  a  useful  guide  when  the  exact  relevance  of  particular  knowledge 
to  the  antilogy  is  a  priori  ambiguous.  Alternatively,  information  irrelevant  to  the  current 
goals  yet  about  the  goal  relevant  knowledge  may  be  crucial  to  disambiguate  the  match. 

*  Centner  recognizes  this  limitation  and  has  proposed  iterative  rerepresentation  of  decomposable  predi¬ 
cates  as  one  possible  solution  (Centner,  1988). 
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For  example,  the  fact  that  Pressure  and  Temperature  are  both  intensive  quantities  (i.e., 
point  measurements)  may  be  crucial  when  considering  whether  Temperature  should  map 
to  Pressure  or  to  Amount.  However,  if  potentially  irrelevant  relations  are  allowed  into  the 
base  and  target  representations,  it  is  possible  for  them  to  dominate,  producing  a  “best” 
match  that  doesn’t  include  the  inferential  structure  wanted  in  the  first  place.  In  such 
situations,  there  is  no  way  to  force  the  desired  candidate  inference  out  of  the  mapping 
procedure  if  there  is  no  way  to  contextually  guide  it.  This  was  empirically  observed  during 
the  development  of  PHINEAS. 

The  other  factor,  lack  of  knowledge,  is  unavoidable  in  learning  situations.  As  the  amount 
of  knowledge  about  the  target  decreases,  the  available  systematic  match  diminishes.  At 
some  point  of  ignorance,  systematicity  plays  no  decisive  role.  Hence,  some  other  factor 
must  influence  the  selection,  such  as  the  relevance  of  inferences  sanctioned.  Finally,  it  seems 
reasonable  to  assume  that  some  relations  are  more  salient  than  others.  Requiring  that  these 
relations  are  always  of  higher  order  than  less  salient  relations  imposes  strong  constraints  on 
the  representation.  Centner  (1987)  indicates  that  analogy  occurring  in  contexts  other  than 
problem  solving  is  a  reason  to  leave  contextual  factors  out  of  the  mapping  component.  It 
appears  that  contextued  factors,  when  present,  cannot  be  external  to  the  matcher  and  are 
perhaps  better  viewed  as  optional  influences  on  the  mapping  component. 

Other  problems  are  more  subtle,  and  are  not  linoited  to  learning  task.  These  problems 
were  found  by  using  SHE  (FaJkenhainer  et  al.,  1986,  1987),  a  flexible  analogical  matching 
system  that  may  be  configured  to  obey  the  rules  of  structure-mapping  theory.®  It  ap¬ 
pears  that  purely  structural,  content  independent  matching  rules  are  insufficient  to  prevent 
anomalous  mappings.  There  are  two  types  of  anomalous  mappings  that  arise;  spurious 
matches  and  structure  rearrangement. 

The  spurious  match  problem  may  be  understood  by  reconsidering  the  water  flow  -  heat 
flow  analogy  with  the  ice  cube  immersed  in  the  coffee  rather  than  attached  to  a  metal  bar. 
Suppose  the  causa)  description  of  fluid  flow  states  necessary  conditions  for  the  participatory 
objects  source  (beaker),  destination  (vial),  and  path  (pipe),  with  those  describing  the  path 
(pipe)  being; 

Physical-Obj (pipe)  A  Fluid-Connection(pipe, beaker , vial)  A  -iBlocked(pipe) 

If  the  only  instances  of  any  of  these  predicates  in  the  given  target  description  are 
{  Physical-Obj (coffee),  Physical-Obj (ice-cube),  Physical-Obj (coffee-cup) }, a  purely 
structural  match  will  map  beaker  to  coffee  and  vial  to  ice-cube,  as  before,  but  also 

®SME  is  described  in  Chapter  3.  When  configured  for  structure-mapping  theory,  I  will  refer  to  it  as 
SMEs.vrr- 
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Figure  2.2:  The  structure  rearrangement  problem  in  behavioral  descriptions  of  liquid  flow 
and  “heat  flow”. 

pipe  to  coffee-cup.  Clearly,  immersion  or  physical  contact  is  the  path  in  this  heat  flow 
scenario,  not  the  coffee  cup.  This  requires  the  use  of  knowledge  about  the  structures  being 
manipulated,  rather  than  a  purely  structural  match.  However,  this  is  not  a  problem  unique 
to  SMT.  It  arises  when  one  attempts  to  draw  conclusions  based  purely  on  pattern  matching, 
without  first  inspecting  the  results  in  light  of  a  surrounding  reasoning  task. 

The  structure  reeirrangement  problem  arises  from  seeking  the  maximal  structural  match. 
In  any  structure  matching  paradigm,  it  is  necessary  to  allow  substructures  to  match,  which 
occasionally  results  in  some  of  the  higher-order  structure  being  dropped  in  order  to  per¬ 
form  the  match.  Sometimes,  the  best  match  C£in  be  achieved  by  ignoring  higher-order 
constraints,  moving  pieces  of  structure  around,  and  violating  the  intended  semantics  of  the 
representation.  For  example,  consider  the  two-state  behavioral  descriptions  of  water  flow 
and  “heat  flow”  shown  in  Figure  2.2.  The  heat  flow  description  has  been  altered  to  demon¬ 
strate  the  anomaly:  the  coffee  temperature  is  constant  in  the  first  state  and  decreeising 
in  the  second  state.  When  the  rules  of  SMT  are  applied,  every  item  matches  except  the 
temporal  Meets  relationship.  That  is,  Inc  [Press (vial)]  maps  to  Inc  [Temp (ice-cube)] 
while  Dec [Press(beaker)]  maps  to  Dec [Ten^ (coffee)].  All  four  temporally-scoped  wa¬ 
ter  flow  relations  have  a  structural  correspondent  in  the  heat  flow  situation.  Time  has  been 
rearranged. 

Not  all  structure  rearrangement  is  bad.  For  example,  if  temporal  ordering  is  irrelevant 
to  the  causal  structure  of  a  story,  then  temporal  ordering  should  not  constrain  matching. 
However,  rearranging  many  other  knowledge  structures  is  clearly  inappropriate,  such  as 
decomposed  objects,  temporal  states,  and  theories.  Without  inspecting  the  content  of  the 
structures  being  manipulated,  there  is  no  way  to  make  this  decision.  From  a  psychological 
perspective,  some  forms  of  structure  rearrangement  confusions  are  probably  witnessed  in 
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humans.  Some  rearrangements  are  clearly  invalid,  others  are  arguably  non-optimal.  The 
key  point  is  that  if  knowledge  is  available  to  spot  these  confusions,  then  it  should  be  applied. 


2.4  Contextu2d  Structure-Mapping 

Centner’s  structure-mapping  theory  takes  the  position  that  only  the  structural  properties  of 
the  representations  should  be  examined  during  mapping.  In  appl3dng  analogy  to  a  complex 
learning  task,  I  have  had  to  adapt  this  view  in  several  important  ways.  Specifically,  I  pro¬ 
pose  that  information  about  the  structures  being  manipulated  should  be  used  to  maintciin 
consistency  of  the  mapping,  to  reason  about  how  items  should  be  placed  in  correspondence, 
and  to  influence  selection  simong  possibly  many  alternative  mappings.  I  call  this  approach 
contextual  structure-mapping^  since  it  uses  knowledge  about  the  representations  being  ma¬ 
nipulated  and  the  context  in  which  they  are  being  used  as  an  aid  in  the  mapping  process. 
It  is  a  knowledge-intensive  adaptation  of  Centner’s  theory. 

Mapping  is  concerned  with  two  important  problems: 

•  Correspondence  Problem:  What  objects  and  relations  may  be  placed  in  corre¬ 
spondence? 

•  Selection  Problem:  What  factors  should  decide  how  the  “best”  mapping  is  cho¬ 
sen? 

These  two  problems  distinguish  between  what  is  allowed  to  match  and  what  the  set  of 
correspondences  will  be.  They  have  many  facets,  as  discussed  below.  The  central  difficulty 
of  mapping  is  restricting  the  enormous  space  of  possibilities  to  a  small,  plausible  subset. 
Constrzdnts  on  the  mapping  process  which  determine  admissibility  and  selection  gener¬ 
ally  fall  into  three  cleisses  (Hall,  to  appear):  structural  constraints  preserve  the  relational 
structure  of  the  descriptions,  semantic  similarity  restricts  pairwise  matching  of  predicates 
according  to  their  similarity,  and  contextual  relevance  motivates  the  mapping  towards  so¬ 
lutions  relevant  to  the  needs  of  the  performance  element.  The  constraints  and  influences 
used  in  contextual  structure-mapping  are: 

1.  One-to-one:  SMT’s  one-to-one  restriction  is  adopted  in  its  exact  form.  The  mapping 
must  not  assign  the  same  base  item  to  multiple  target  items  nor  any  target  item  to 
multiple  base  items. 

2.  Structurally  grounded:  If  base  predicate  B,-  is  mapped  onto  target  predicate  T,-,  then 
all  of  Bj’s  arguments  must  also  map  onto  the  arguments  of  Tj.  In  the  case  of  predicates 
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Bi  and  Ti  forming  sets  of  relations,  called  relational  groups  (e.g.,  AND,  SET),  structural 
grounding  is  weakened  to  require  that  at  least  one  one  of  their  arguments  be  paired. 

3.  Domain-specific:  The  mapping  must  not  violate  general  representational  or  domain- 
specific  constraints  that  apply  to  pairing  specific  base  and  target  descriptions. 

4.  Semantic  similarity:  Predicates  are  allowed  to  match  if  they  are  (1)  identical,  (2) 
functionally  analogous,  or  (3)  have  a  common  generalization.  These  are  defined  below. 

5.  Loyal:  If  the  mapping  is  elaborating  an  existing  mapping,  then  it  must  respect  the 
correspondences  of  the  existing  mapping. 

6.  Selection:  Both  systematicity  and  contextual  relevance  determine  which  relations  are 
mapped. 

2.4.1  Structural  Constraints 

The  first  two  constraints  together  enforce  SMT’s  structural  consistency  requirement  (see 
also  Kling,  1971;  Winston,  1980;  Rumelhart  &  Norman,  1981;  Burstein,  1983;  Caxbonell,  1983a; 
Indurkhya,  1987).  However,  it  deviates  from  the  standard  definition  in  one  important  re¬ 
spect.  The  requirement  that  the  mapping  be  structurally  grounded  does  not  cross  the 
boundaries  of  a  relational  group.  A  relational  group  is  distinguished  as  an  unordered  collec¬ 
tion  of  relational  structures  that  may  be  collectively  referred  to  as  a  unit.  They  correspond 
to  the  abstract  notion  of  a  “set”  cind  aire  associated  to  predicates  taking  any  number  of 
arguments.  For  example,  a  set  of  relations  joined  by  the  predicate  AND  defines  a  relational 
group.  Other  examples  include  the  axioms  of  a  theory,  a  decomposable  compound  object, 
or  the  relations  holding  over  an  interval  of  time.  Intuitively,  we  would  like  to  say  that  two 
groups  correspond  without  reqmring  that  their  contents  are  exhaustively  mapped. 

If  base  and  target  propositions  each  contain  a  group  as  an  argument,  the  propositions 
should  not  be  prevented  from  matching  if  the  groups’  members  cannot  be  exhaustively 
paired.  For  example,  the  set  of  relations 

B:  ImpliesCAndCPijPj.Ps)  >  P4]  (1) 

T:  Implies  [And (P;,P'j),  P^] 

should  match  better  than  the  set  of  relations 

B:  Implies  [And (Pi, Pz.Pa).  PJ  (2) 

.  D'  D'  o' 
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The  original  model  of  structural  consistency  would  score  (1)  and  (2)  equally,  since  the 
Implies  relations  of  (1)  would  not  be  allowed  to  match.  This  is  a  particularly  important 
consideration  when  matching  sequential,  state-based  descriptions  (e.g.,  the  behavior  of 
a  system  through  time).  The  set  of  relations  describing  a  pair  of  states  often  do  not 
exhaustively  match  or  are  of  different  cardinality.  Yet,  higher-order  relations  over  states, 
such  as  temporal  orderings,  are  vital  and  must  appear  in  the  mapping. 

As  discussed  in  the  previous  section,  purely  structural  constraints  are  insufficient  to 
prevent  structure  rearrangement.  Just  as  a  purely  syntactic  predicate  calculus  is  able  to 
recognize  the  mutual  inconsistency  of  P(x)  and  -iPCx)  but  not  the  mutual  inconsistency 
of  Solid(x)  and  Gas(x),  a  purely  structural  account  of  mapping  will  fail  to  recognize 
some  inconsistencies  in  the  mapping.  Thus,  additional  constraints  are  supplied  to  capture 
important  generad  representational  or  domain-specific  knowledge  about  the  structures  being 
manipulated. 

At  the  current  time,  only  very  general,  representational  constraints  are  defined.  These 
prevent  structure  rearrangement  across  relational  groups,  such  as  mixing  and  matching 
elements  of  compound  objects,  theories,  or  temporal  states.  For  example,  the  following 
rule  preserves  temporal  relationships: 

A  Temporally-Scoped (Bj)  A  Temporally-Scoped (T,)  A 

KH(Bj,Tj)  A  Tenqjorally-ScopedfBj)  A  Temporally-Scoped(Tj)  A 

{  CEqualTime(Bj,Bj)  A  Di  s  joint  Time  (T<,T,)]  V 
CDisjointTime(Bj,B,)  A  EqualTime(Ti,T,)]  } 

Conflicting[MH(Bi,T,),  MH(B,-,T,)] 

where  Conflicting  indicates  two  mutually  inconsistent  pairings  (see  Section  3.2). 

2.4.2  Semantic  Similarity 

Semantic  similarity  is  a  crucial  component  of  the  correspondence  problem,  during  both 
mapping  and  transfer.  During  mapping,  it  is  important  to  limit  the  possibilities  and  ensure 
that  a  semantic  correspondence  is  being  made.  During  transfer,  it  is  important  to  guide 
search  for  correspondents  potentially  absent  from  the  given  target  description  emd  to  guide 
creation  of  a  new  predicate  if  one  is  needed.  Semeintic  similarity  enables  the  adaptation 
of  knowledge  to  analogous  situations  without  requiring  that  the  knowledge  be  expressed 
exactly  the  same  in  all  situations. 

Most  accounts  of  analogy  enforce  semantic  similarity  by  testing  for  predicate  identical- 
ity  (e.g.,  CarboneU,  1981;  Centner,  1983).  As  noted  eajlier,  identicality  is  too  restrictive  to 
be  of  use  for  many  reasoning  situations.  In  across-domain  analogies,  it  requires  that  the  im¬ 
portant  relational  structure  has  been  properly  decomposed,  as  in  Hotter-than(x,y)  being 
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represented  as  Greater-thanCteii5)eratiire(x)  ,  temperature (y)] .  Additionally,  there 
are  many  near  or  within  domain  relationships  that  are  difficult,  if  not  impossible,  to  reduce 
to  identicality.  The  concepts  of  objects  Inside-of  containers  and  solids  Dissolved-in 
liquids  Me  very  different  (Burstein,  1985).  Yet,  it  is  clear  these  relations  are  candidates  for 
analogical  mapping. 

In  models  that  allow  non-identical  relations  to  match,  the  preferred  solution  is  to  con¬ 
sult  a  hierarchy  of  predicate  types  and  <dlow  relations  with  a  common  ancestor  to  match 
(Winston,  1980;  Burstein,  1983;  WeUsch  &  Jones,  1986).  The  match  score  may  then  be 
inversely  proportional  to  how  distant  the  relations  are  in  an  ISA  hierarchy  (Winston,  1980; 
WeUsch  &  Jones,  1986).  Take  for  example  Burstein’s  CARL  program.  When  a  base  relation 
is  caxried  into  the  target  domedn,  CARL  moves  up  an  ISA  hierarchy  seeking  a  relation  with 
argument  type  restrictions  loose  enough  that  the  target  objects  satisfy  those  constraints. 
CARL  appUes  the  same  process  to  action  predicates  (e.g.,  Trans  is  a  parent  action  of  Ptrans 
and  Mtrans). 

However,  in  solving  the  identicality  problem  this  approach  raises  a  number  of  additional 
problems.  There  is  the  potential  to  go  too  high  in  the  network  (e.g.,  to  Relation),  and 
ultimately  place  every  relation  in  correspondence  with  every  other  relation.  This  may  be 
prevented  by  using  forests  of  hierarchies,  ensuring  that  semantically  close  relations  are 
mutually  reachable,  while  ensuring  that  each  tree  doesn’t  go  too  high  so  as  to  achieve 
meaningless  generality.  Yet,  this  presents  a  dilenama.  Besides  seeming  rather  ad  hoc, 
it  places  a  strong  burden  on  the  user  to  o  priori  know  which  relations  should  belong  to 
common  clusters  and  which  should  not.  Some  approaches  adopt  a  halfway  point,  by  forming 
general  classes  of  predicates  such  as  action,  relation,  plan,  goal,  etc.  and  restricting  mapping 
within  these  boundaries  (Burstein,  1985).  The  generalization  tree  models  further  suffer 
from  being  single  parent  hierarchies.  This  :s  easily  fixed  using  a  more  sophisticated  ISA 
lattice,  but  then  we  must  decide  which  parental  branch  to  foUow  and  what  the  consequence 
of  multiple  intersections  wiU  be. 

These  approaches  fail  to  recognize  an  important  point:  mappahility  is  context  sensitive. 
When  a  predicate  instance  is  used  in  some  context  (e.g.,  in  a  chain  of  inference),  it  is  used 
because  it  denotes  certain  characteristics  about  the  world  deemed  important  for  that  con¬ 
text.  Thus,  propositions  should  be  semantically  similar  with  respect  to  their  functional  role 
in  the  surrounding  structure.  Movement  within  the  generalization  hierarchy  is  dependent 
upon  the  characteristics  the  predicate  was  intended  to  possess.  When  moving  up  the  hier¬ 
archy,  a  point  may  be  reached  where  those  properties  are  no  longer  present.  Furthermore, 
this  implies  that  mappable  relations  need  not  always  share  a  common  ancestor  (except 
perhaps  at  the  uppermost  relation  node). 
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There  are  numerous  examples  of  contextually  sensitive  similcirity.  The  property  Cylindrical 
of  one  cup  should  map  to  the  property  Has-Handl«  of  another  cup  if  the  role  of  these  expres¬ 
sions  is  to  support  liftability.  As  another  example,  whether  or  not  we  use  Contained-in, 
Dissolved-in,  or  Absorbed-in  depends  upon  the  surrounding  context.  Each  has  a  priv¬ 
ileged  set  of  inferences.  You  can  squeeze  out  liquid  absorbed  by  a  solid,  but  you  Ccin’t 
squeeze  sadt  out  of  the  water  it  has  dissolved  in  (at  least  not  in  the  same  way). 

Therefore,  if  two  predicates  are  not  identical,  they  may  still  be  considered  semantically 
similar  and  eligible  for  mapping  if  they  are  functionally  analogous: 

Definition  2.2  (Functionally  analogous)  Two  expressions  art  considered  functionally 
analogous  and  may  match  if  they  provide  the  same  inferential  support  in  the  context  of  the 
structures  being  matched. 

There  are  several  ways  to  determine  the  inferential  support  an  expression  is  providing. 
When  an  expression’s  role  is  explicit  in  the  structure,  it  is  particularly  simple.  For  exam¬ 
ple,  expressions  P  and  R  will  be  placed  in  correspondence  when  matching  Implies (P,Q) 
with  Implies(R,q),  since  their  respective  roles  are  to  deductively  support  Q.  Being  struc¬ 
turally  explicit  is  the  only  method  for  determining  whether  two  expressions  are  functionally 
analogous  during  mapping. 

Another  method  addresses  the  problem  of  compiled  knowledge  which  is  absent  from 
the  explicit  structure.  This  method  may  be  used  during  transfer  when  seeking  information 
about  unmatched  expressions.  AI  systems  tend  to  use  compiled  knowledge,  in  which  inter¬ 
mediate  reasoning  steps  are  absent  to  promote  efficiency  of  use.  Indeed,  this  is  the  central 
goal  of  explanation-based  generalization  (Mitchell  et  al.,  1986;  DeJong  &  Mooney,  1986). 

In  PHINEAS,  this  is  a  common  occurrence,  owing  to  its  use  of  QP  theory  syntax.  A  pro¬ 
cess  definition  consists  of  a  set  of  antecedents  indicating  when  the  process  will  be  active 
and  a  set  of  effects  which  hold  when  the  process  is  active.  While  effective  for  reasoning, 
a  great  deal  of  information  is  compiled  away  by  the  model  builder.  No  direct  links  be¬ 
tween  antecedents  and  effects  are  available.  The  actual  “theory”  about  the  domain  being 
represented,  such  as  why  each  antecedent  is  present  in  the  process  description,  is  absent. 

To  address  this  problem,  PHINEAS  uses  an  augmented  process  description.  A  cache  slot  is 
added  to  link  necessary  prerequisites  of  the  effects  relations  to  the  eintecedents  that  satisfy 
those  prereqmsites.  For  example  the  effect  relation 

CtTansisource-stuff,  destination- stuff,  rate) 

indicates  a  continuous  transfer  of  some  “stuff”  (e.g.,  fluid  or  energy)  from  a  source  to  a 
destination.  By  continuity  of  motion,  a  necessary  prerequisite  for  Ctrans  is  the  existence 
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of  some  physical  path  between  the  source  and  destination.  Therefore,  this  prerequisite 
informat'cn,  and  how  it  is  satisfied,  should  be  present  in  the  cache  slot  of  any  process  that 
uses  Ctrans.  In  the  dissolving  process,  this  appears  as: 

(Satisfies  (Inmersed-in  ?solute  ?solution) 

(Pxezeq  (Ctrans  (amount-of  ?solute)  (concentration  ?solution)  ?rate) 
(Physical-Path  ?solute  ?solution  ?path) 

(Motion-Continuity) ) ) 

When  investigating  the  role  of  Immersed-in,  a  post-mapping  process  may  consult  the 
dissolving  process’  cache  slot  to  determine  that  a  relation  not  supporting  Physical-Path  (or 
the  analogue  of  Physical-Path  if  this  is  part  of  the  mapping)  cannot  be  used  as  an  analogue 
for  Inmersed-in.  Importantly,  this  information  indicates  that  it  is  the  physical  connection 
aspect  of  Inmersed-in  that  is  important  (e.g.,  as  opposed  to  preventing  exposure  to  the 
atmosphere).  This  will  be  described  more  during  the  discussion  on  transfer  (Chapter  5). 

The  definition  of  functionally  analogous  is  a  general  statement  of  the  specific  prob¬ 
lem  derivational  analogy  (CarboneU,  1983a)  attempted  to  address  for  planning  situations. 
Specifically,  a  fimdamental  component  of  analogy  is  knowing  why  the  relations  being  con¬ 
sidered  for  mapping  are  there.  A  good  analogizer  is  able  to  recognize  alternate  ways  to 
achieve  equivalent  functionality.  In  problem  solving,  adapting  a  prior  solution  to  a  new 
problem  instance  requires  just  that,  adaptation  of  the  prior  solution.  This  task  is  greatly 
simplified  if  we  know  why  decisions  were  made  the  way  they  were,  so  that  we  can  satisfy 
the  intent  of  the  decision  with  out  necessarily  adhering  to  the  same  decision. 

In  the  absence  of  such  background  knowledge,  proximity  within  a  generalization  hi¬ 
erarchy  is  a  good  heuristic  to  use.  A  portion  of  the  hierarchy  used  in  PHINEAS  appears 
in  Figure  2.3  (see  Appendix  E  for  the  complete  set).  There  is  a  good  chance  that  the 
characteristics  desired  of  a  relation  will  also  be  present  in  its  nearest  neighbors  in  the  gen¬ 
eralization  hierarchy.  The  farther  the  relations  are  in  the  hierarchy,  the  less  likely  this  will 
be  true.  Thus,  the  strength  of  this  type  of  match  should  diminish  in  proportion  to  the 
distance  within  the  generalization  hierarchy  between  the  predicates  matched.  I  call  this 
the  minimal  ascension  principle.*  Two  constraints  are  used  to  limit  improper  generaliza¬ 
tions.  First,  only  structurally  motivated  pairings  are  made.  Specifically,  two  predicates 
may  only  match  via  minimal  ascension  if  their  corresponding  parent  relations  have  already 
been  paired.  Second,  the  ISA  hierarchy  is  assumed  to  be  shallow  and  highly  disconnected. 
Thus,  the  hierarchy  in  Figure  2.3  indicates  that  minimal  ascension  is  not  allowed  to  match 
a  quantity  to  a  type  of  physical  proximity. 

‘Term  suggested  by  Dedte  Centner.  The  same  type  of  principle  has  long  been  used  in  structured 
induction,  and  appears  as  the  climbing  the  generalization  tree  rule  in  (Michalski,  1983). 
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Figure  2.3:  A  portion  of  the  predicate  isa  hierarchy  used  in  Phineas. 


2.4.3  Selection:  Weighing  systematicity  and  relevance 

•  Selection  Problem:  What  factors  should  decide  how  the  “best”  mapping  is  cho¬ 
sen? 

The  importance  of  context  and  problem  solving  goals  in  analogical  processing  is  a 
recurring  theme  (Burstein,  1983;  Carbonell,  1983a;  Greiner,  1988;  Holyoak,  1984;  Kedar- 
Cabelli,  1985b).  It  is  generally  agreed  that  in  problem  solving  situations,  the  current  reaison- 
ing  goals  have  a  strong  influence  over  what  base  information  is  retrieved  and  how  the  results 
of  anaJogy  are  iiltimately  evaluated  amd  used.  Debate  centers  around  contextual  effects  on 
mapping.  At  one  extreme.  Centner  (1988)  proposes  that  problem  solving  influences  the 
processes  preceding  and  following  mapping,  but  play  no  role  in  the  mapping  process  which 
is  guided  solely  by  systematicity.  However,  from  the  discussion  of  Section  2.3,  it  appears 
that  this  is  insufficient  to  guide  the  mapping  process.  At  the  other  extreme,  Holyoak  (1984) 
maintains  that  problem  solving  relevaince  alone  drives  the  entire  mapping  process.  This 
model  is  only  applicable  to  analogical  problem  solving  and  ignores  other  uses  of  analogy. 
Other  approaches  are  more  agnostic  on  the  issue,  since  neither  systematicity  nor  goal  related 
relevance  appear  explicitly  in  the  mapping  process.  Relevant  base  information  is  selected 
during  access,  with  mapping  consisting  of  its  reinstantiation  and  potential  adaptation  for 
the  target  case  (Burstein,  1983;  Carbonell,  1983a;  Kedar-Cabelli,  1985b;  Greiner,  1988).^ 

^Greiner  (1988)  does  consider  a  host  of  alternative  interpretations  and  could  be  said  to  be  following 
a  form  of  systematicity.  During  target  instantiation  of  a  base  abstraction,  Greiner’s  fewest  conjectures 
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Since  an  explicit  match  is  never  formed  and  mapping  is  heavily  constrained  (i.e.,  through 
teacher-supplied  hints  or  completely  unambiguous  mappings),  choosing  among  alternative 
interpretations  is  avoided. 

From  pragmatic  theories,  as  well  as  problems  experienced  with  a  purely  structural 
model,  we  can  see  that  relevance  can  be  an  importcint  influence  on  analogical  mapping. 
However,  people  can  evaluate  analogies  in  context-free  settings  (Centner  &:  Landers,  1985; 
Rattermann  &  Centner,  1987;  Clement  &  Centner,  1988),  supporting  the  view  that  sys- 
tematicity  plays  a  signiflcant  role  in  people’s  selection  criteria.  People  are  able  to  process 
an  cin2ilogy  without  a  goal  in  mind.  They  are  able  to  “see”  similarity  without  necessarily 
being  in  the  middle  of  solving  some  problem.  From  a  purely  computational  perspective, 
mapping  should  be  able  to  spot  similarity  in  the  absence  of  goals  since  the  various  uses  of 
analogy  and  similaxity  should  be  achieved  by  a  single  computational  model  of  mapping. 
However,  it  should  also  be  able  to  adapt  to  the  needs  of  a  surrounding  problem  solving 
context  if  one  exists. 

Thus,  a  hybrid  approach,  influenced  by  both  systematicity  and  contextual  relevance,  is 
used.  In  the  absence  of  problem  solving  goals,  systematicity  serves  eis  the  sole  criterion  for 
selection.  When  problem  solving  goals  are  present,  interpretations  containing  the  relevant 
base  information  are  preferred.®  An  important  feature  is  that  contextual  information  is  not 
required;  its  presence  serves  to  influence  the  normal  operation  of  mapping,  not  replace  it. 

2.4.4  Candidate  Inferences  and  the  Validity  Problem 

One  of  the  important  functions  of  mapping  is  to  identify  base  information  plausibly  inferable 
for  the  target  situation.  This  requires  consideration  of  validity,  the  central  problem  in  using 
cinalogically  derived  knowledge. 

•  Validity  Problem:  What  is  the  basis  for  having  confidence  in  the  analogically 
proposed  inferences? 

The  desire  for  validity  effects  each  stage  of  analogical  processing.  Relations  that  are  pre¬ 
dictably  useful  are  sought  during  access.  Mapping  should  only  propose  plausible  inferences 
that  follow  from  the  set  of  known  correspondences.  Finally,  analogy  is  an  approximate 
process  and  there  is  a  tradeoff  between  generality  of  the  process  design  and  guaranteed 
correctness  of  what  it  produces.  Analogical  reasoning  systems,  by  definition,  only  retain 

heuristic  (fTpc)  prefers  analogies  that  teqriire  adding  the  fewest  new  conjectures  (i.e.,  candidate  inferences). 
This  is  equivalent  to  preferring  the  maximal  match  to  the  relational  system  called  the  base  abstraction. 

“Recently,  Holyoak  and  Thagard  (1988a)  have  independently  proposed  a  similar  hybrid  model  of  com¬ 
bined  systematicity  and  pragmatic  influence. 
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those  inferences  or  procedures  that  were  a  priori  derivable  from  the  target  domain  theory 
(s.g.,  Caibonell,  lS83a;  Kedax-Cabclli,  13S3l>).  Analogy  in  this  context  is  used  to  improve 
performance.  Analogical  learning  systems  must  be  more  cautious  and  must  be  able  to 
revise  their  beliefs  when  inferences  are  shown  to  be  invalid. 

It  is  important  to  identify  methods  which  will  increase  the  likelihood  that  the  analogy 
process  produces  only  valid  inferences.  AU  efforts  to  maximize  validity  may  be  divided  into 
four  general  categories: 

1.  Representation.  Develop  specialized  knowledge  structures  such  that  only  certain  valid 
(or  highly  likely)  analogies  are  allowed  (e.g.,  the  determinations  of  Davies  &  Russell 
(1987)). 

2.  Access.  Constrain  the  access  mechanism  so  that  only  highly  likely  analogues  will  be 
retrieved  (e.g.,  Kedar-Cabelli’s  (1985)  purpose-directed  mechanism). 

3.  Inference  production.  Use  mapping  procedures  which  focus  on  validity  preserving 
featrires  (e.g.,  Centner’s  (1983)  systematicity  principle). 

4.  Post-mapping.  Analyze  the  established  analogy  to  ensure  maximum  coherency  (e.g., 
Clement’s  (1986)  bridging  analogies). 

Representational  approaches  have  the  nice  property  that  they  make  the  basis  for  dravnng 
analogical  inferences  explicit.  For  example,  Russell  and  Davies  (Russell,  1987;  Davies 
&  Russell  1987)  have  recently  proposed  the  use  of  determinations  to  ensure  validity  in 
analogical  inference.^  Determinations  are  specifications  of  functional  dependence.  The 
determination  P  >-  Q  indicates  that  P  functionally  determines  the  value  of  Q  since  there 
is  a  unique  value  for  Q  given  P.  This  declares  a  relationship  between  P  and  Q  that  is  too 
weak  to  enable  conclusions  on  its  own,  but  enables  a  valid  conclusion  about  a  target  case 
once  a  base  instance  has  been  encountered. 

However,  there  are  a  number  of  problems  with  this  approach.  First,  it  defines  away  the 
majority  of  what  is  intuitively  called  analogical.  For  example,  given  that  f{x,y)  =  z,  and 
a  base  situation  showing  /(4,9)  =  7,  7  may  be  recalled  when  a  new  problem  situation  asks 
for  the  value  of  /(4,9).  Few  analogies  cam  be  described  in  these  terms.  Second,  it  doesn’t 
require  the  presence  of  the  base  description  during  the  analogical  act.  The  target  query 
is  derivable  from  the  domain  theory  once  the  base  is  given,  eliminating  interplay  between 
base  and  target  to  influence  inferencing.  Analogy  involves  comparison,  measuring  degrees 
of  similarity,  not  identicality  over  atomic  features  in  a  functional  dependency. 

®See  (Baker  et  al.,  1988;  Clark,  1988)  for  other  approacher  to  the  representation  problem. 
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Structural  approaches  attempt  a  more  content-independent  approach: 

Arguments  from  models  involve  those  analogies  which  can  be  used  to  predict  the 
occurrence  of  certain  properties  or  events,  and  hence  the  relevant  relations  are  causad, 
at  least  in  the  sense  of  implying  a  tendency  to  co-occur.  (Hesse,  1966,  pg.  78) 

Hesse  argues,  as  does  Centner  (1980,  1983),  that  a  necessary  (but  not  sufficient)  condition 
for  validity  is  that  analogy  involve  the  mapping  of  facts  which  are  “causally”  related,  rather 
than  miscellaneous  features.  Thus,  only  if  the  set  of  facts  Vb  are  known  to  cause  (or  have 
a  tendency  to  co-occur  with)  the  set  Qb  do  we  have  any  basis  for  believing  that  Qt  will 
also  hold  given  Vt.  Centner  generalizes  this  criteria  by  using  the  framework  of  “systematic 
structure”  rather  than  “causality”.  This  creates  a  general  definition  which  focuses  on 
interrelated  facts  and  views  this  interrelation  as  supporting  predictivity.  Thus,  a  match 
over  some  facts  sanctions  inferences  for  remaining  facts  in  the  larger  relational  system  they 
?ppear  in.  For  example,  consider  an  example  from  (Davies  &  Russell,  1987):  A  red  robin 
is  observed  and  found  to  have  long  legs  and  a  scratched  beak.  Since  we  would  possess 
a  relational  system  relating  a  robin’s  various  body  proportions  to  its  being  a  robin,  but 
no  such  system  relating  a  scratched  beaJc  to  its  being  a  robin,  only  the  former  would  be 
postulated  for  a  second  robin. 

Russell  and  Davies  correctly  observe  that  analogy  research  has  not  dnoctly  addressed 
the  validity  issue.  In  the  case  of  structural  approaches,  structure  can  easily  be  added  to 
any  description  and  not  all  structure  supports  inferencing.  Since  SMT  does  not  allow  one 
to  examine  the  structures  being  manipulated,  all  matches  and  resulting  inferences  look  the 
same,  given  equal  structure  topology.  For  example,  I  could  add  a  description  of  how  the  first 
red  robin  and  the  scratch  on  its  beak  co-occur  in  time.  From  a  purely  structural  vantage 
point,  there  is  now  no  rea.son  not  to  infer  that  a  second  robin  should  have  a  scratched 
beak.  Thus,  it  would  appear  that  sharing  common  relational  structure  is  not  sufficient  to 
constrain  inference  production  to  producing  inferences  that  have  some  grounds  for  vjilidity. 

More  work  is  needed  on  representational  eind  structural  approaches.  In  this  thesis,  the 
central  basis  for  most  of  the  inferences  drawn  rests  on  the  belief  that  similar  behavior 
indicates  a  strong  likelyhood  of  similar  causes.  Since  PHINEAS  is  aimed  at  this  one  type 
of  explanation,  this  assumption  is  built  in  rather  than  explicitly  av2ulable  to  the  program. 
This  work  focuses  on  post-mapping  methods  to  increase  confidence  in  proposed  analogies 
(i.e.,  verification-based  analogical  learning). 

•  Consistency  Restrictiveness:  Two-valued  consistency  is  overly  restrictive  as  a 
basis  for  analogical  processing. 

One  dominate  point  of  convergence  in  analogy  research  has  been  the  centrality  of  con¬ 
sistency  in  guiding  and  evaluating  analogy  production  (Indurkhya,  1987-,  Greiner,  1988; 
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Kedaj-Cabelli,  1985a;  Hall,  to  appear).  Many  go  beyond  consistency  to  require  that  anal¬ 
ogy  produces  d-sound  analogical  inferences  (e.g.,  Carbonell,  1983a;  Kedar-Cabelli,  1985b; 
Davies  &  Russell,  1987). 

Consistency  is  an  important  component  of  all  forms  of  reasoning.  Yet,  we  must  be 
careful  not  to  afford  it  too  much  import.  Limiting  analogy  to  strict  consistency  requires 
that  analogy  be  a  monotonic  process.  However,  analogy  often  causes  the  questioning  of 
beliefs  and  may  lead  to  a  complete  change  in  world  view.  Thus,  a  weaker  form  of  consistency 
is  needed.  One  which  takes  into  account  the  cost  of  overthrowing  or  revising  prior  beliefs 
for  the  benefits  of  a  more  coherent  belief  state.  Thagard’s  (1988)  work  on  explanatory 
coherence  may  be  viewed  as  a  step  in  that  direction. 

While  this  thesis  does  not  offer  a  general  solution  to  this  problem,  it  is  important  to 
keep  in  mind  so  as  to  avoid  theories  that  crucially  depend  upon  strict  consistency. 

2.4.5  Additional  Correspondence  Subproblems 

There  are  two  identifiable  subproblems  to  the  correspondence  problem  not  yet  discussed. 
The  first  has  several  instantiations: 

•  Non- Monotonic  Binding  Problem:  Define  a  binding  to  be  any  pairwise  corre¬ 
spondence  between  atomic  units.  Thus,  a  binding  may  be  an  analogical  corre¬ 
spondence  between  two  objects,  or  the  binding  of  a  variable  during  unification. 

The  non-monotonic  (N-M)  binding  problem  occurs  when  an  influx  of  new  in¬ 
formation  is  allowed  to  overturn  an  existing  binding  set,  either  due  to  internal 
inconsistency  or  in  favor  of  a  superior  binding. 

The  following  two  observations  aie  peirtly  responsible  for  the  N-M  binding  problem: 

1.  Not  all  candidate  inferences  are  real  inferences.  In  realistic  memories,  it  is  unlikely 
that  an  analogizer  will  be  operating  on  every  item  which  comprises  the  representation 
of  the  base  or  target  domains.  Instead,  a  subset  of  the  base  or  target  descriptions  are 
used.  Since  a  candidate  inference  is  with  respect  to  the  subset  of  the  base  or  target 
being  processed,  it  might  not  be  an  inference  at  all  if  a  different  aspect  of  the  target 
were  fetched.  Alternatively,  a  candidate  inference  may  represent  a  place  where  the 
analogizer  failed  to  detect  semantic  similarity  with  em  available  target  description.  If 
there  is  more  than  one  way  to  say  something,  retrieving  a  different  representation  may 
make  the  similsuity  more  discernible.  Thus,  the  idea  that  base  and  target  knowledge 
can  be  frilly  prepackaged  for  the  mapping  component  breaks  down  in  general.  There 
may  be  a  need  to  reprobe  memory  to  seek  further  information. 
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2.  Not  all  matches  are  real  matches.  Suppose  the  base  description  contauns  Ri{bi), 
Rzi’Oi),  ajid  Rzibi).  If  the  target  description  has  no  instances  of  Ri  or  R2,  and  the 
only  instance  of  R3  is  i23(tj  then,  if  consistent,  bi  will  be  placed  in  correspondence 
with  ti.  This  isn’t  necessarily  a  good  match  to  make.  Other  teirget  objects  may  exist 
that  provide  a  better  fit,  but  were  not  mentioned  in  the  original  target  description. 
Alternatively,  conjecturing  the  existence  of  an  unknown  teirget  object  may  be  prefer¬ 
able.  What  if  Ri{ti),  a  possible  resulting  inference,  is  known  to  be  false?  Rather  than 
reject  the  analogy,  it  may  be  preferable  to  question  if  there  was  sufficient  grounds  to 
conjecture  U  as  the  correspondent  of  bi. 

The  N-M  binding  problem  appears  as  the  spurious  match  problem  mentioned  in  Sec¬ 
tion  2.3  and  discussed  above  as  “not  all  matches  are  real  matches”.  It  isn’t  limited  to 
weak  matches  however.  It  may  occur  due  to  ambiguity  over  which  of  two  gbod  matches  to 
choose.  It  may  also  occur  when  a  previously  unnoticed  target  item  is  detected  and  found 
to  be  a  better  correspondent  for  some  base  item  than  its  current  target  correspondent.  For 
example,  consider  the  analogy  between  a  spring-block  oscillator  and  an  LC  circuit.  In  the 
spring-block  system,  position  is  easily  measurable  while  force  is  not.  In  the  LC  circuit, 
voltage  is  easily  measurable  while  charge  is  not.  Thus,  an  analogy  focusing  on  observables 
would  place  the  block’s  position  quantity  in  correspondence  with  the  circuit’s  voltage  quan¬ 
tity.  However,  a  more  thorough  analysis  of  the  two  systems  would  show  that  force  should 
map  to  voltage  while  position  should  map  to  charge. 

Second,  it  affects  variable  bindings  during  abductive  inference.  Abductive  inference 
is  required  when  a  set  of  unmatched  base  objects  are  carried  into  the  target  and  target 
correspondents  sought.  Suppose  the  goal  is  to  seek  an  object  satisfying  the  conjunction 

P(?z)  A  Q{?x)  A  R{lx) 

Traditional,  sequential  backchaining  on  each  conjunctive  subgoal  fails.  Suppose  there  are 
two  objects,  a  and  b,  where  P(a)  is  the  only  knowledge  about  a,  and  Q{b)  A  R{b)  is  the 
only  knowledge  about  b.  Sequential  subgoaling  will  be  unable  to  propose  b  as  the  best 
binding  for  ?z,  since  the  candidate  binding  set  is  {a}  after  showing  P{a).  Seeking  a  set 
of  unknown  base  objects  can  compound  the  problem.  Due  to  potential  interdependencies 
between  the  unknown  objects,  what  may  be  a  best  match  for  one  unknown  may  not  be 
best  for  matching  the  other  unknowns. 

The  N-M  binding  problem  has  struck  others  before  me.  It  is  the  implicit  motivation 
behind  Kedar-Cabelli’s  (1988,  pg.  131-132)  near  miss  assumption.  She  mentions  that  her 
method  of  selecting  the  first  available  analogue  and  working  to  adapt  it  has  the  potential 
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to  miss  the  best  set  of  correspondences.  This  appears  to  be  an  instance  of  the  N-M  binding 
problem. 

I  claim  that  approaches  attempting  to  solve  a  series  of  conjuncts,  rather  than  seeking 
globzd  similarity,  will  suffer  from  the  N-M  binding  problem.  A  further  implication  of  the 
problem  is  that  one  cannot  always  assume  that  an  existing  mapping  may  be  consistently 
extended.  This  conflicts  with  the  common  view  that  the  role  of  mapping  is  to  consistently 
extend  an  existing  mapping  (e.g.,  as  in  extending  a  partial  mapping  produced  during  access) 
(Burstein,  1985;  Kedaj-Cabelli,  1985a;  Hall,  to  appear). 

The  problem  is  compounded  by  the  use  of  packaged  descriptions,  in  which  two  bod¬ 
ies  of  knowledge  are  separated  and  designated  “base”  and  “tajget”  (e.g.,  Winston,  1980; 
Centner,  1983;  Wellsch  &  Jones,  1986).  This  is  often  fine  for  the  base  description,  which 
IS  typically  very  familizir  and  relevant  information  is  easily  selected.  However,  it  is  often 
difficult  to  know  everything  that  is  needed  for  mapping  until  mapping  is  attempted,  at 
which  point  mapping  may  spawn  further  probes  into  memory  aimed  at  holes  in  the  match. 
This  entire  issue  is  discussed  further  in  Chapters  3  and  5. 

•  Reformulation  Problem:  What  operations  on  the  structures  being  examined  are 
allowable? 

This  has  two  related  facets.  First,  there  are  mxdtiple  ways  to  represent  equivalent 
information.  Matching  two  representations  may  thus  require  reformulating  the  descriptions 
in  attempts  to  recognize  identicality  or  similarity  (e.g.,  greater-tham  and  less-than  to 
cite  a  particularly  simple  Ccise).  Second,  being  a  good  analogizer  means  being  able  to 
recognize  alternative  ways  of  doing  things  that  still  satisfy  the  intent  of  the  analogy.  For 
example,  recognizing  an  alternate  way  to  satisfy  the  roles  in  a  story  or  function  in  a  plan. 

For  what  share  of  this  problem  should  mapping  be  responsible?  Clearly,  reformulations 
arising  from  problem  solving  impasses  must  occur  during  the  use  phase  (e.g.,  as  in  deriva- 
tioncil  analogy  (Carbonell,  1983a)).  However,  what  about  minor  deviations  in  situation 
or  problem  specification  that  axe  known  prior  to  problem  solving  execution?  Should  the 
mapping  component  share  responsibility  with  the  use  phase  for  adapting  to  these  minor 
changes?  It  is  important  to  know  bls  soon  as  possible  just  how  well  and  in  what  way  two 
potential  aneilogues  are  actually  analogous.  This  is  important  to  evaluating  a  potential 
analogue  -  an  unnecessarily  poor  match  may  result  in  the  rejection  of  a  highly  usefM  ana¬ 
logue.  It  is  also  important  to  getting  the  proper  inferences  and  thus  the  proper  search  path. 
Furthermore,  non  problem  solving  settings  lack  a  performance  element  to  sort  through  the 
results  of  a  proposed  analogy.  The  results  of  mapping  are  the  desired,  end  result.  Thus, 
the  information  acquirable  during  mapping  should  be  maximized  without  losing  the  ability 
to  perform  quick,  inexpensive  mapping. 
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Chapter  3 

The  Structure  Mapping  Engine 


The  ability  to  detect  similarity  by  identifying  a  set  of  correspondences  between  descriptions 
of  two  situations  is  a  prerequisite  to  general  analogical  processing.  Furthermore,  in  PHINEAS 
the  same  matching  program  is  used  in  both  the  access  and  mapping  procedures.  For  these 
reasons,  I  will  discuss  the  matching  program  used  in  PHINEAS  first. 

The  Structure-Mapping  Engine  (SHE)  is  a  general  tool  for  performing  various  types  of 
analogical  matchings.  SHE  was  developed  in  collaboration  with  Ken  Forbus  and  Dedre 
Centner  to  simulate  Centner’s  Structure-Mapping  theory  of  analogy.^  The  intent  was  to 
develop  a  single  program  that  could  model  all  of  the  similarity  comparisons  sanctioned  by 
Centner’s  theory,  such  as  literal  similarity,  mere  appearance,  as  well  as  analogy.  The  only 
constraint  built  into  the  program  is  that  the  mapping  preserve  structural  consistency.  All 
other  constraints  and  all  evaluation  criteria  are  supplied  in  the  form  of  match  rules  that 
specify  the  matcher’s  operarion.  Thus,  while  SHE  was  originally  designed  to  simulate  the 
comparisons  of  structure-mapping  theory,  it  cam  simulate  the  space  of  theories  consistent 
with  this  single  criterion  as  well.  Even  so,  many  of  the  theoreticad  distinctions  embodied 
in  SHE  have  their  origins  in  Centner’s  Structure-Mapping  theory. 

Civen  descriptions  of  a  base  and  tairget,  SHE  constructs  all  consistent  mappings  between 
them.  Each  mapping  consists  of  pairwise  matches  between  statements  aind  entities  in 
the  bcise  and  tairget,  the  set  of  ainalogical  inferences  samctioned  by  the  mapping,  and  an 
evaluation  score  for  the  mapping.  For  example,  suppose  SHE  were  given  descriptions  of 
the  situations  shown  in  Figure  2.1:  water  flowing  &om  a  beaher  to  a  vial  amd  heat  flowing 
from  hot  coffee  to  an  ice  cube  (described  in  Figure  3.1).  SHE  might  offer  several  alternative 
analogical  mappings.  In  one,  the  central  inference  would  be  that  water  flowing  between 

^Furthermore,  since  portions  of  this  chapter  are  taken  from  (Faikenhainer,  Forbus,  tc  Centner,  1987), 
some  of  the  writting  credit  for  this  chapter  must  go  to  my  coauthors. 
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WATER-FLOW 


HEAT-FLOW 


^CAU^ 

GHEATER  FLOW  (beaker,  vial,  water,  pipe) 
PRESSURE  (beaker)  PRESSURE(vial) 

GREATER 


LIQUID  (water) 


diameter  (beaker)  DIAMETER  (vial) 


^^^GREAT^^ 

TEMPERATURE  (coffee)  TEMPERATURE  (ice-cube) 

FLOW(coffee,  ice-cube,  heat,  bar) 

LIQUID  (coffee) 

FLAT-TOP  (coffee) 


FLAT-TOP(water) 

Figure  3.1:  Simplified  water  flow  and  heat  flow  descriptions. 


the  containers  corresponds  to  heat  flowing  from  the  coffee  to  the  ice  cube.  Alternatively,  it 
might  map  water  to  coffee,  since  they  are  both  liquids.  Which  interpretation  hats  a  higher 
evaluation  score  depends  on  the  match  rides  in  use. 

This  chapter  first  summarizes  the  SME  algorithm^  and  describes  the  contextual  struc¬ 
ture  mapping  configuration  (i.e.,  a  new  set  of  match  rules)  along  with  additional  features 
that  were  left  out  of  the  earlier  paper.  Finally,  SME  is  analyzed  from  both  analytical  and 
empirical  perspectives.  The  general  program  will  be  called  SME,  the  program  running  the 
rules  of  Centner’s  Structure-Mapping  theory  will  be  called  SMEsAfr,  and  the  program  run¬ 
ning  the  rules  of  contextual  structure  mapping  will  be  called  SMEc-sAf*  I  start  by  reviewing 
SME’s  conventions  for  knowledge  representation,  which  are  essential  to  understanding  the 
algorithm. 


3.1  Representation  Overview 

A  typed  (higher-order,  in  the  standard  sense)  predicate  calcidus  is  used  to  represent  facts. 
The  constructs  of  this  language  Me  entities,  predicates,  and  dgroups: 

Entities:  Entities  are  logical  individuals,  i.e.,  the  objects  and  constants  of  a  domadn. 
Typical  entities  include  physical  objects,  their  temperature,  and  the  substance  they  are 
made  of. 

Predicates:  The  term  “predicate”  refers  to  any  functor  in  a  predicate  calculus  statement. 
Predicates  declared  to  SME  may  be  divided  into  primitive  categories.  In  this  work  there 

^For  details  see  (Falkenhainer  et  al.,  1987). 
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are  only  two:  relation  and  function  (Falkenhainfr  et  al.,  1987  also  discusses  aji  attribute 
category). 

All  predicates  must  be  declared  to  SME  prior  to  use  (the  declarations  for  PHINEAS  are 
listed  in  Appendix  E).  Each  declaration  defines  the  predicate’s  arity,  a  name  and  type 
(sort)  for  each  argument,  and  the  next  most  general  type  (sort)  the  predicate  maps  to.  For 
example,  the  declaration: 

(def Predicate  PRESSURE  ((obj  physob))  function 

: expression-type  intensive-quantity) 

states  that  the  predicate  PRESSURE  is  a  one-place  function.  Its  airgument  is  called  obj  and 
is  of  type  physob.  An  expression  using  it,  such  as  PRESSURE (waterl) ,  maps  an  expression 
of  type  physob,  waterl,  to  tin  expression  of  type  pressure,  which  in  turn  is  of  type 
intensive-quantity,  the  next  node  up  in  the  ISA  hierarchy. 

Predicates  may  additionally  be  declared  commutative,,  in  which  the  order  of  arguments 
is  unimportant  when  matching,  and/or  n-ary,  in  which  the  predicate  can  take  any  number 
of  arguments.  Examples  of  commutative  n-ary  predicates  include  AND,  OR,  and  SET. 

Dgroup:  For  simplicity,  predicate  instances  and  compound  terms  are  called 
expressions.  A  description  group,  or  dgroup,  is  a  collection  of  entities  and  expressions 
concerning  them,  considered  as  a  unit.  The  expressions  and  entities  in  a  dgroup  wiU  be 
referred  to  collectively  as  items. 

Dgroups  are  defined  with  the  def  Description  form: 

(defDescription  {DescriptionN ame) 

entities  (. {Entity i) ,  {Entity2) {Entity i)) 
expressions  ( {ExpressionDeclarations) )  ) 

where  {ExpressionDeclarations)  take  the  form 

{expression)  or 

{{expression)  :naine  {ExpressionName)) 


The  :naine  option  is  provided  for  convenience;  {expression)  will  be  substituted  for  every 
occurrence  of  {ExpressionName)  in  the  dgroup’s  expressions  when  the  dgroup  is  created. 
For  example,  the  description  of  water  flow  depicted  in  Figure  3.1  weis  given  to  SME  as 
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(delDescription  siople-vater-floB 

entities  (sater  beaker  vial  pipe) 

expressions  (((flos  beaker  vial  eater  pipe)  rname  eflow) 

((pressure  beaker)  :name  pressure-beaker) 

((pressure  vial)  :naine  pressure-vial) 

((greater  pressure-beaker  pressure-vial)  inane  >pressure) 
((greater  (diameter  beaker)  (diameter  vial))  ‘.name  >diameter) 
((cause  >pressure  sflos)  :name  cause-flos) 

(flat-top  eater) 

(liquid  eater))) 


The  description  of  heat  flow  depicted  in  Figure  3.1  was  given  to  SHE  as 

(defDescription  simple-heat-floe 

entities  (coffee  ice-cube  bar  heat) 

expressions  (((floe  coffee  ice-cube  heat  bar)  :name  hfloe) 
((temperature  coffee)  :name  temp-coffee) 

((temperature  ice-cube)  :name  temp-ice-cube) 

((greater  temp-coffee  tenqt-ice-cube)  :name  >temperature) 
(flat-top  coffee) 

(liquid  coffee))) 


3.2  SME  Algorithm  Overview 

Given  descriptions  of  a  base  and  a  target,  represented  as  dgroups,  SME  builds  all  structurally 
consistent  interpretations  of  the  comparison  between  them.  Each  interpretation  of  the 
match  is  called  a  global  mapping,  or  gmap.  Gmaps  consist  of  three  parts; 

1.  Correspondences:  A  set  of  pairwise  matches  between  the  expressions  and  entities  of 
the  two  dgroups. 

2.  Candidate  Inferences:  A  set  of  new  expressions  which  the  comparison  suggests  holds 
in  the  target  dgroup. 

3.  Evaluation  Score:  A  numerical  estimate  of  match  quality.  The  chauracteristics  used 
to  determine  the  score  depend  on  the  rule  set  and  may  include  the  gmap’s  structural 
properties  and  its  contextual  relevance. 

Match  rules  specify  which  local  elements  can  match,  additional  restrictions  on  how  they 
may  be  combined,  and  how  these  combinations  are  scored.  These  rules  are  the  key  to  SNE’s 
flexibility.  To  build  a  new  matcher  one  simply  loads  a  new  set  of  match  rules.  This  has 
some  important  advantages.  First,  a  theory  of  analogical  mapping  may  be  represented  more 
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declaratively,  and  the  consequences  of  each  theoretical  commitment  easily  traced.  Second, 
it  enables  a  single  program  to  emulate  different  aneilogy  systems  for  comparison  purposes. 

Conceptually,  the  SME  algorithm  is  divided  into  four  stages: 

1.  Local  match  construction:  Finds  all  pairs  of  {{Baseltem),  {TargetJtem))  that  po¬ 
tentially  can  match.  A  Match  Hypothesis  is  created  for  each  such  pair  to  represent 
the  possibility  that  this  local  match  is  part  of  a  global  match. 

2.  Gmap  construction:  Combines  the  local  matches  into  maximal  consistent  collections 
of  correspondences. 

3.  Candidate  inference  construction:  Derives  the  inferences  suggested  by  each  gmap. 

4.  Match  Evaluation,  .attaches  evidence  to  each  loczd  match  hypothesis  and  uses  this 
evidence  to  compute  evaluation  scores  for  each  gmap. 

Each  computation  will  now  be  described,  using  a  simple  example  to  illustrate  their 
operation. 


3.2.1  Step  1:  Local  match  construction 

Given  two  dgioups,  SME  begins  by  finding  potential  matches  between  items  in  the  base  and 
target  (see  Figure  3.2).  Allowable  matches  are  specified  by  match  constructor  rules,  which 
take  the  form: 


(MHCrule  (.{Trigger)  {BaseVariable)  {TargetVariable)  {Condition))  {Body)) 


There  are  two  possible  vedues  for  {Trigger).  A  : filter  trigger  indicates  that  the  rule 
is  applied  to  each  pair  of  items  from  the  base  and  target,  creating  a  match  hypothesis 
when  the  items  satisfy  the  condition.  For  example,  the  following  rule  hypothesizes  a  match 
between  any  two  expressions  that  have  the  same  functor: 


(MHCrule  (:f liter  ?b  ?t  :test 
(install-MH  ?b  ?t)) 


(equal  (expression-functor  ?b) 

(expression-functor  ?t))) 


An  :  intern  trigger  indicates  that  the  rule  should  be  run  on  each  newly  created  match 
hypothesis.  These  rules  create  additional  matches  suggested  by  the  given  match  hypothesis. 
For  example,  hypothesizing  matches  between  every  pair  of  entities  would  lead  to  combi¬ 
natorial  explosions.  Instead,  :inteim  rules  are  used  to  create  match  hypotheses  between 
entities  in  corresponding  argument  positions  of  other  match  hypotheses. 
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□  -  MH  between  predicates 
A-  MH  between  entities  (Emap) 

Figure  3.2:  Local  Match  Construction.  The  water  flow  and  heat  flow  descriptions  of  Fig¬ 
ure  3.1  have  been  drawn  in  the  abstract  and  placed  to  the  left  and  right,  respectively.  The 
objects  in  the  middle  depict  match  hypotheses. 


The  result  of  running  the  match  constructor  rules  is  a  collection  of  match  hypotheses. 
MH{bi,tj)  denotes  the  hypothesis  that  6,-  and  tj  match.  Standard  graph-theory  terminology 
will  be  used  to  describe  the  structural  properties  of  graphs  of  match  hypotheses  (e.g., 
offspring,  descendants,  ancestors,  toot). 

For  example,  the  result  of  running  the  match  constructor  rules  on  the  water  flow  ajid 
heat  flow  dgroups  of  Figure  3.1  is  shown  in  Figure  3.2  (see  also  Figure  3.3).  In  this 
example,  the  literal  similarity  rule  set  of  structure-mapping  theory  is  used  (i.e.,  SKEsmt/ls)- 
There  are  several  points  to  notice  in  Figure  3.3.  First,  there  can  be  more  than  one  match 
hypothesis  involving  any  particTilar  base  or  target  item.  Second,  in  this  rule  set,  predicates 
are  paired  due  to  identicality,  while  entities  are  matched  on  the  basis  of  their  roles  in  the 
predicate  structure.  Thus  while  TEMPERATURE  can  match  either  PRESSURE  or  DIAMETER, 
GREATER  cannot  match  anything  but  GREATER.  Third,  not  every  possible  correspondence 
is  created.  Local  matches  between  entities  are  only  created  when  justified  by  some  other 
match.  This  significantly  constrains  the  number  of  possible  matches  in  the  typical  case. 
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MH-12 

B:  Flat-top-4 
T:  Flat-top-6 


MH-13 
B:  Liquld-3 
T;  Llquld-5 


MH-14 
B:  water 
T:  coffee 


MH-9 
B;  Wflow 
T;  Hflow 


B;  beaker 
T:  coffee 


B;  vial 
T:  Ice-cube 


Figure  3.3:  Water  Flow  /  Heat  Flow  Analogy  After  Local  Match  Construction.  Here  we 
show  the  graph  of  match  hypotheses  depicted  schematically  in  Figure  3.2,  augmented  by 
links  indicating  expression-to-arguments  relationships.  Match  hypotheses  which  are  not 
descended  from  others  are  called  roots  (e.g.,  the  matches  between  the  GREATER  predicates, 
MH-1  and  MH-6,  and  the  match  for  the  predicate  FLOU,  MH-9).  Match  hypotheses  between 
entities  are  called  Emaps  (e.g.,  the  match  between  beaker  and  coiFee,  MH-4). 


I 

I 

I 

I 
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3.2.2  Step  2:  Global  Match  Construction 


The  second  step  in  the  SME  algorithm  combines  local  match  hypotheses  into  collections  of 
global  matches  (gmaps).  Intuitively,  each  global  match  is  the  largest  possible  set  of  match 
hypotheses  that  depend  on  the  same  one  to  one  object  correspondences. 

More  formally,  gmaps  consist  of  maximal,  consistent  collections  of  match  hypotheses 
that  are  structurally  grounded.  A  collection  of  match  hypotheses  is  structurally  grounded 
if  it  satisfies  the  grounding  criterion:  If  a  match  hypothesis  MH  is  in  the  collection,  then 
so  are  the  match  hypotheses  which  pair  up  all  of  the  arguments  of  MH’s  base  and  target 
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items.®  The  grounding  criterion  preserves  connected  predicate  structure.  Consistency  is 
determined  by  the  rule  set  and  in  all  cases  to  date  includes  the  restriction  that  the  mapping 
be  one-to-one.  A  collection  is  maximal  if  adding  any  additional  match  hypothesis  would 
render  the  collection  inconsistent. 

The  formation  of  global  matches  is  composed  of  two  primary  stages:  compute  consis¬ 
tency  relationships  and  merge  match  hypotheses. 

3. 2. 2.1  Compute  consistency  relationships 

For  each  match  hypothesis,  generate  the  set  of  entity  mappings  it  entails  and  the  set 
of  match  hypotheses  it  is  inconsistent  with.  This  information  simplifies  the  detection  of 
contradictory  sets  of  match  hypotheses,  a  critical  operation  in  the  rest  of  the  algorithm. 
The  result  of  this  stage  of  processing  appears  in  Figure  3.4. 

The  following  two  sets  manage  inconsistency  and  are  crucial  to  this  computation: 

Definition  3.1  (Conflicting)  Given  a  match  hypothesis  MH{bi,tj),  the  set 
Conflicting (MH{bi,tj))  consists  of  the  set  of  match  hypotheses  that  are  pairwise  incon¬ 
sistent  with  it. 

The  set  Conflicting(M H{bi,tj))  only  notes  local  inconsistencies  (see  Figure  3.4).  For 
example,  under  a  one-to-one  restriction,  Conflicting(M H{bi,tj))  would  include  the  set  of 
match  hypotheses  that  represent  the  alternate  mappings  for  bi  and  tj. 

Conflicting  and  the  grounding  criterion  combine  to  produce  the  following  set: 

Definition  3.2  (NoGood)  The  set  NoGood(MHi)  is  the  set  of  all  match  hypotheses 
which  can  never  appear  in  the  same  gmap  as  MHi.  This  set  is  recursively  defined  as  follows: 
ifMHi  is  an  emap,  then  N oGood{M Hi)  =  Conflicting{MHi).  Otherwise,  N oGood{M H,) 
is  the  union  of  MHi 's  Conflicting  set  with  the  NoGood  sets  for  all  of  its  descendents,  i.e., 

NoGood{MHi)  =  C<mflicting{MHi)  (J  ^  Args{M%^°^^^^}) 

3. 2. 2. 2  Merge  match  hypotheses 

Compute  gmaps  by  successively  combining  match  hypotheses  as  follows: 

®This  lepcesents  a  deviation  horn  pievious  accounts,  such  as  (Falkenhainet  et  al.,  1987).  In  addition 
to  the  grounding  criterion,  a  one-to-one  restriction  was  enforced  by  SME.  One-to-one  mappings  are  now 
an  option,  implementable  in  the  rules,  so  that  variations  on  one-to-one  may  be  tested.  Additionally,  an 
important  exception  to  the  grounding  criterion  is  now  allowed,  as  discussed  in  Section  3.3. 
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(a)  Form  initial  combinations;  Combine  interconnected  and  consistent  match  hypotheses 

into  an  initial  set  of  gmaps  (Figure  3.5a). 

(b)  Combine  dependent  Gmaps:  Since  base  and  target  dgroups  are  rarely  isomorphic, 
some  gmaps  in  the  initial  set  will  overlap  in  ways  that  allow  them  to  be  merged. 
The  advantage  in  merging  them  is  that  the  new  combination  may  provide  structural 
support  for  candidate  inferences  (Figure  3.5b). 

(c)  Combine  independent  collections:  The  results  of  the  previous  step  are  next  combined 

to  form  maximal  consistent  collections  (Figure  3.5c). 

Commutative  predicates  are  supported  during  step  (a).  When  multiple,  complete 
matches  exist  for  the  arguments  of  two  commutative  predicates,  a  copy  of  the  match  be¬ 
tween  them  is  made  and  assigned  to  each  complete,  consistent  combination  of  argument 
matches.  For  example,  if  AND(bi,b2)  were  matched  to  AND(ti,t2),  step  (a)  would  replace 
the  single  match  hypothesis  between  the  two  AMD’s  with  two  adternate  match  hypotheses, 
and  place  them  in  different  gmaps,  corresponding  to  the  two  alternate  ways  to  pair  their 
arguments. 

3.2.3  Step  3:  Compute  Candidate  Inferences 

Associated  with  each  gmap  is  a  (possibly  empty)  set  of  candidate  inferences.  Candidate 
inferences  axe  baise  expressions  that  would  fill  in  structure  which  is  not  in  the  gmap  (aind 
hence  not  already  in  the  target).  Not  just  any  information  can  be  carried  over  -  it  must 
be  consistent  with  the  substitutions  imposed  by  the  gmap,  and  it  must  be  structurally 
grounded  in  the  gmap.  By  structiual  groimding  we  mean  that  its  subexpressions  must  at 
some  point  intersect  the  base  information  belonging  to  the  gmap. 

The  candidate  inferences  often  include  entities.  Whenever  possible,  SME  replaces  all 
occurrences  of  base  entities  with  their  corresponding  tsirget  entities.  If  a  candidate  inference 
contains  a  base  entity  that  has  no  corresponding  target  entity  (i.e.,  the  base  entity  is  not 
pairt  of  any  match  h3rpothesis  for  that  gmap),  SME  introduces  a  new,  hypothetical  entity 
into  the  target.  Such  entities  are  represented  as  a  skolem  function  of  the  original  base 
entity  (i.e.,  (: skolem  base-entity)). 

In  Figure  3.6,  gmap  #1  has  the  top  level  CAUSE  predicate  as  its  sole  candidate  inference. 
In  other  words,  this  Gmap  suggests  that  the  cause  of  the  flow  in  the  heat  dgroup  is  the 
difference  in  temperatures.  If  the  FLOW  predicate  was  not  present  in  the  target,  then  the 
candidate  inferences  for  a  gmap  corresponding  to  the  pressure  inequality  would  be  both 
CAUSE  and  FLOW.  Note  that  GREATER-THAN [DIAMETER (coffee) ,  DIAMETER(ice  cube)]  is 
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Water  Flo\ 


f>< 


leat  Flow 


□  -  MH  between  predicates 
A-  MH  between  entities  (Emap) 

Figure  3.4:  Water  Flow  -  Heat  Flow  analogy  after  computation  of  Conflicting  relationships. 
Simple  lines  show  the  tree-like  graph  that  the  grounding  criteria  imposes  upon  match 
hypotheses.  Lines  wi+h  circular  endpoints  indicate  the  Conflicting  relationships  between 
matches.  Some  of  the  original  lines  from  MH  construction  have  been  left  in  to  show  the 
source  of  a  few  Conflicting  relations. 


□-  MH  between  predicates 
A  MH  between  entities  (Emap) 

Figure  3.5:  Gmap  Construction,  (a)  Merge  step  1:  Interconnected  and  consistent,  (b) 
Merge  step  2:  Consistent  members  of  the  same  base  structure,  (c)  Merge  step  3:  Any 
further  consistent  combinations. 
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SHE  Version  2E 

Analogical  Hatch  from  SWATER-FLOU  to  SHEAT-FLOW. 
Rule  File:  literal-similarity. rules 


*  HE’S  I  t  Gmaps  |  1st, 2nd, Worst  |  RelGroups  | 

14  I  31  5.99  /  3.94  /  2.44  I  OFF  | 


Toted  Run  Time:  0  Minutes,  0.657  Seconds 
BMS  Run  Time:  0  Minutes,  0.441  Seconds 

Best  Gmaps:  -Cl} 

Gmap  #1:  (>PRESSURE  >TEMP)  (PRESS-VIAL  TEMP-ICE-CUBE)  (PRESS-BEAKER  TEMP-COFFEE) 
(WFLOW  HFLOW)  (BEAKER  COFFEE)  (VIAL  ICE-CUBE)  (PIPE  BAR)  (WATER  HEAT) 
Weight:  5.9917 

Candidate  Inferences:  (CAUSE  >TEMP  HFLOW) 

Gmap  ^*2:  (DIAM  •BEA.KEP.  TEMP-COFFEE)  (DIAM-VIAL  TEMP-ICE-CUBE)  (>DIAMETER  >TEMP) 
(BEAKER  COFFEE)  (VIAL  ICE-CUBE) 

Weight;  3.9377 
Candidate  Inferences:  -C  } 

Gmap  #3;  (LIQUID-WATER  LIQUID-COFFEE)  (FLAT-WATER  FLAT-COFFEE)  (WATER  COFFEE) 
Weight:  2.4446 
Candidate  Inferences:  -C  } 


Figure  3.6:  Complete  SKEsmt/ls  interpretation  of  Water  Flow  •  Heat  Flow  Analogy. 


not  a  valid  candidate  inference  for  the  first  Gmap  because  it  does  not  intersect  the  existing 
Gmap  structure. 

3.2.4  Step  4:  Compute  Evaluation  Scores 

Typically  a  particrilar  base  and  target  pair  will  give  rise  to  several  gmaps,  each  representing 
a  different  interpretation  of  the  match.  Often  it  is  desired  to  select  only  a  single  gmap,  for 
example  to  represent  the  best  interpretation  of  an  analogy.  Evaluation  criteria  may  include 
structur2d  properties,  such  as  systematicity,  as  well  as  contextual  relevance,  validity,  and  so 
forth.  An  evaluation  score  for  each  match  hypothesis  and  gmap  is  found  by  running  match 
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evidence  rules  and  combining  their  results. These  scores  are  used  to  rank-order  the  gmaps 
in  selecting  the  “best"  analogy.  For  example,  the  rule 

(rule  ((: intern  (MH  ?b  ?t)  :test  (and  (expression?  ?b)  (expression?  ?t) 

(eq  (functor  ?b)  (functor  ?t))))) 
(assert!  (implies  same-functor  (MH  ?b  ?t)  (0.5  .  0.0)))) 

states  “If  the  two  items  are  facts  and  their  functors  are  the  same,  then  supply  0.5  evidence 
in  favor  of  the  match  hypothesis.”  The  rules  may  also  examine  match  hypotheses  associated 
with  the  arguments  of  these  items  to  provide  support  based  on  systematicity.  This  increases 
match  hypothesis  evidence  with  the  amount  of  higher-order  structure  supporting  it. 

Returning  to  Figure  3.6,  note  that  the  “strongest”  interpretation  (i.e.,  the  one  which 
hcis  the  highest  evaluation  score)  is  the  one  we  would  intuitively  expect.  In  other  words, 
beaker  maps  to  coffee,  vial  maps  to  ice-cube,  water  maps  to  heat,  pipe  maps  to  bar, 
and  PRESSURE  maps  to  TEMPERATURE.  Furthermore,  it  sanctions  the  candidate  inference 
that  the  temperature  difference  is  what  causes  the  flow. 


3.3  Modeling  Contextual  Structure  Mapping 

Contextual  structure  mapping  is  modeled  within  the  rule  set  given  to  SME,  which  defines 
SMEc5A/-  Since  the  entire  rule  set  consists  of  only  22  rules,  I  will  describe  the  complete 
set  here,  using  predicate  calculus  notation.  The  operators  “A”  and  “V”  correspond  to 
their  standard  meaning,  is  a  procedural  test  for  not  present,  whose  status  will  not 
change  during  the  course  of  processing,  and  “=»”  indicates  a  production  which  asserts  the 
consequent.  Variables  will  be  preceded  by  “?”  and  are  assumed  universally  quantified.  The 
complete  set  of  equivalent  lisp  production  rules  used  by  SMEcsm  are  provided  in  Appendix  B. 
The  description  follows  the  program  decomposition  used  in  the  previous  section. 

3.3.1  Step  1:  Local  match  construction 

SME  begins  by  running  match  constructor  rules,  which  install  match  hypotheses  between 
individual  base  and  target  items  that  may  plausibly  match. 

The  first  three  rules  match  expressions  by  examining  the  predicates  they  use  and  the 
inferential  support  they  provide. 

^The  management  of  numerical  evidence  is  performed  by  a  Belief  Maxntenance  System  (BMS) 
(Falkenhainer,  1988b).  The  BMS  is  much  like  a  standard  TMS,  using  horn  clauses  as  justifications.  How¬ 
ever,  the  justifications  are  annotated  with  evidential  weights,  so  that  “degrees  of  belief”  may  be  propagated 
A  modified  version  of  Dempster-Shafer  formalism  is  used  for  expressing  and  combining  evidence. 
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Rule  1  (Same  Functors)  Two  expressions  may  match  if  they  use  the  same  predicate  and 
their  predicates  are  not  part  of  an  a  priori  correspondence  set. 

Equal [functor(?b) .functor (?t)]  A 

-iSanctioned-Pairing(functor(?b) ,?anyt)  A  -'Sanctioned-Pairing(?anyb,functor(?t) ) 

The  previous  rule  suffers  from  dependence  on  identicality.  It  fails  to  take  into  account 
the  context  in  which  an  expression  is  being  used.  Two  very  different  predicates  may  support 
the  same  conclusion  in  a  given  conte.xt.  This  is  addressed  by  the  following  rule. 

Rule  2  (Functionally  Analogous)  Two  expressions  are  considered  functionally  analo¬ 
gous  and  may  match  if  they  provide  the  same  inferential  support  in  the  context  of  the 
structures  being  matched. 

Implicational(?b)  A  Implicational(?t)  A 
Equal(functor [consequent(?b)] ,  functor [consequent (?t)] ) 

-’Connective Cconsaquent(?b)3  A  -iConnective [consequent (?t)] 

=»  [MH(antecedant(?b) , antecedent ( ?t ) ) 

A  Function-of [antecedent (?b) ,Support-of (consequent (?b)] 

A  Provides-function[antecedent(?t) ,Support-of (consequent (?t))]3 

If  two  expressions  are  implicational  and  their  consequents  match,  then  this  rule  will 
match  their  antecedents.  At  the  current  time,  the  predicates  IMPLIES,  CAUSE,  and  SUPPORTS 
are  considered  implicational. 

The  following  rule  respects  established  mappings. 

Rule  3  (Sanctioned  Pairing)  Two  items  match  if  they  are  a  priori  designated  as  match¬ 
ing. 

Sanctioned-Pairing(?b,?t)  =>  MH(?b,?t) 

Other  rules  are  used  to  create  match  hypotheses  between  entities  in  corresponding 
argument  positions  of  other  match  hypotheses.  In  this  manner,  entities  are  only  matched 
if  sanctioned  by  their  position  in  matching  relations: 

Rule  4  (Non-Commutative  Corresponding  Arguments,  Entities)  Two  entities  match 
if  they  occupy  the  same  argument  position  of  non-commutative  predicates  that  have  already 
been  matched  and  neither  entity  is  part  of  an  a  priori  correspondence  set. 

MH(?bi,?ti)  A  -’Commutative [functor (?bi)]  A  -'Commutative [functor (?t j )]  A 
Entity(?b2)  A  Entity(?t2)  A  Children-of?(?b2.?t2,?bi  ,?ti)  A 

-’Sanctioned-Pairing(functor(?b)  ,?anyt)  A  -’Sanctioned-Pairing(?anyb.functor(?t) ) 
=>  MH(?b2,?t2) 
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Five  more  rules  exisl  to  form  matches  between  the  arguments  of  expressions  that  have 
already  matched.  The  first  is  like  Rule  4,  except  that  the  corresponding  arguments  must  be 
expressions  whose  predicate  is  a  function.  The  next  pairs  corresponding  arguments  sharing 
a  common  generalization: 

Rule  6  (Non-Commutative  Corresponding  Arguments,  Common  Generalization) 

Two  expressions  may  match  if  they  occupy  the  same  argument  position  of  non- commutative 
predicates  and  use  predicates  having  common  ancestors  in  the  generalization  hierarchy. 

MH(?bp,?tp)  A  -'Commutative Cfunctor(?bp)]  A  -iCommutativeCfunctorCTtp)]  A 
Children-of?(?b,?t,?bp,?tp)  A  Common-Ancestor? [functor (?b) .functor (?t)]  A 
-iSanctioned-PairingCf unctor (?b)  ,?anyt)  A  -iSanctioned-Pairing(?anyb  ,f  unctor(?t) ) 
=>  MH(?b,?t) 

The  remaining  three  match  constructor  rules  pair  the  arguments  of  commutative  pred¬ 
icates  (i.e.,  the  “corresponding  arguments”  condition,  children-of,  is  removed).  These 
three  rules  generate  all  allowable  pairings  between  the  arguments  of  two  commutative  pred¬ 
icates. 

3.3.2  Step  2:  Global  match  construction 

Once  an  initial  set  of  match  hypotheses  is  formed,  the  pairwise  consistency  of  match  hy¬ 
potheses  stated  by  Conflicting  is  used  to  combine  them  into  maximal,  consistent  gmaps.  By 
the  one-to-one  criterion,  these  include  match  hypotheses  representing  alternate  mappings 
for  bi  and  tj. 

Rule  10  (One-To-One  (expressions  ic  entities).  Base  Case)  Two  match  hypotheses 
are  mutually  inconsistent  and  may  not  appear  in  the  same  gmap  if  they  pair  the  same  base 
item  to  different  target  items. 

MH(?b,?ti)  A  MHCTb.Ttj)  A  ^Equal(?t; ,?t2) 

=>  ConflictingCMH(?b,?ti) .Mrf(?b,?t2)] 

A  similar  rule  establishes  that  two  match  hypotheses  pairing  the  same  target  item  to 
different  base  items  are  mutually  inconsistent.  An  additional  pair  of  rules  maintains  the 
one-to-one  mapping  for  predicates  in  the  same  manner  used  for  expressions  and  entities. 

Other  elements  of  Conflicting (M H{bi,tj))  are  defined  by  representation  specific  and 
domain  specific  rules.  The  following  rule  is  used  to  prevent  the  temporal  rearrangement 
problem  described  in  Section  2.2. 
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Rule  14  (Temporal  Preservation)  Two  match  hypotheses  are  mutually  inconsistent  if 
they  pair  base  items  always  co-occurring  in  time,  EqualTime(?bi,?b2),  to  target  items  that 
never  overlap  in  time,  DisjointTime(9b\,‘?b2)-  Likewise,  two  match  hypotheses  are  mutually 
inconsistent  if  they  pair  target  items  always  co-occurring  in  time  to  base  items  that  never 
overlap  in  time. 

A  MH(?b2.?t2)  A 

Temporally-Scoped(?bi)  A  Temporally-Scopad(?b2)  A 

Temporally-Scoped(?ti)  A  Temporally-Scoped(?t2)  A 

{  [EqualTime(?bi  ,?b2)  A  DisjointTinie(?ti  ,?t2)]  V 
[DisjointTime(?bi ,?b2)  A  EqualTime(?ti ,?t2)]  } 

=>  Conflicting CMH(?bi .?ti) .MH(?b2 ,?t2)] 

The  rearrangement  problem  exists  for  any  undecomposable  collection.  The  following 
rule  preserves  the  compound  object  “contained  liquid”. 

Rule  15  (Compound  Object  Preservation  (contained  liquids))  Two  match  hypothe¬ 
ses  are  mutually  inconsistent  if  they  pair  items  representing  a  contained  liquid  and  its  con¬ 
tainer  with  another  contained  liquid  and  something  other  than  its  container,  respectively. 

HH(?bi,?ti)  A  MH(?b2.?t2)  A 

Contained-Liquid(?bi)  A  Contained-Liquid(?ti)  A 

{  [Container-of (?bi ,?b2)  A  -iContainer-of (?ti ,?t2)]  V 
[-iContainer-of (?bi ,?b2)  A  Container-of (?ti ,?t2)]  } 

=>  ConflictingCMH(?bi ,?t,) ,MH(?b2.?t2)] 

One  element  of  contextual  structure  mapping  required  a  change  to  the  SME  program  itself 
-  relaxing  the  structural  grounding  criterion  to  exclude  relational  groups.  In  the  standard 
procedure  for  copying  match  hypotheses  between  commutative  predicates  (described  in 
section  3. 2. 2. 2),  complete  match  sets  for  their  arguments  were  required.  In  the  case  of  a 
match  between  predicates  forming  relational  groups,  the  requirement  is  weakened.  Only  a 
single  match  between  their  arguments  need  exist,  and  all  maximal,  consistent  collections 
of  argument  pairings  constitute  a  valid  copy  of  the  commutative  pairing.^ 

3.3.3  Step  4:  Compute  evaluation  scores 

Once  the  gmaps  have  been  formed  (step  2)  and  their  corresponding  candidate  inferences 
computed  (step  3),  each  match  hypothesis  and  gmap  is  assigned  a  match  evaluation  score.® 

this  sounds  like  the  SME  match  problem  in  miniature,  in  many  ways  it  is.  The  same  gmap  merge  .step 
procedure  is  used  for  this  operation.  Rather  than  “relational  groups”,  one  could  view  these  as  a  dgroup 
within  a  dgroup. 

®It  should  be  pointed  out  that  numerical  evidence  is  used  to  provide  a  simple  way  to  combine  local 
information  concerning  match  quality.  These  weights  have  nothing  to  do  with  any  probabilistic  or  evidential 


As  described  in  Chapter  2,  both  structural  and  relevance  criteria  are  used  to  compute  these 
evaluation  scores. 

The  evidence  rules  have  a  slightly  different  syntax  from  the  rules  described  above. 
Rather  than  implying  a  particular  match  hypothesis  form,  they  supply  evidence  through  the 
form  lmpliQs(.(antecedent) , (consequent)  t{weight))  (see  Falkenhainer,  1988b;  Falkenhainer 
et  al.,  1987  for  an  explanation  of  the  evidence  mechanism).  In  each  rule  described  below, 
(weight)  will  be  given  as  j^<parameter-naTne> .  The  numeric  values  of  these  parameters 
are  then  summarized  at  the  end  of  the  section. 

The  first  evidence  rule  supports  the  first  two  match  constructor  rules,  which  examined 
the  predicates  in  use.  It  supplies  evidence  in  inverse  proportion  to  the  distance  within  the 
generalization  hierarchy  between  the  predicates  matched.  This  distance  is  the  number  of 
nodes  in  the  minimal  path  between  the  matched  predicates  in  the  hierarchy,  reducing  to 
one  in  the  case  of  predicate  identicality. 

Rule  16  (Minimal  Ascension)  If  the  expressions  comprising  a  match  hypothesis  were 
paired  due  to  common  ancestors  in  the  generalization  hierarchy,  then  supply  an  evidence 
score  inversely  proportional  to  their  distance  (number  of  nodes)  in  the  hierarchy,  equal  to 
^MA/distance. 

MH(?b,?t)  A  Expression(?b)  A  Expression(?t)  A 

-iSanctioned-Pairing(functor(?b)  ,?anyt)  A  -'Sauictioned“Pairing(?anyb,functor(?t) ) 
=>  Implies [type-match,  MH(?b,?t), 

quotient (fMA, path- length (functor (?b) ,functor(?t)))3 

Rule  17  (Sanctioned  Pairing  Evidence)  If  two  items  are  a  priori  designated  as  match¬ 
ing,  then  supply  an  evidence  score  of  #SP  to  the  match. 

Sanctioned-Pairing(?b,?t)  =>  Implies [sanctioned-pairing,  MH(?b,?t),  #SP] 

Rule  18  (Functionally  Analogous  Evidence)  If  the  base  expression  of  a  match  hy¬ 
pothesis  provides  inferential  support  f  in  the  base  situation,  and  the  target  expression  can 
provide  that  inferential  support,  then  supply  an  evidence  score  of  #FA  to  the  match. 

MH(?b,?t)  A  ExpressionCTb)  A  Expression(?t)  A 
Function-ol(?b,?f)  A  Providea-function(?t ,?f ) 

=>  Implies[And(Function-of (?b,?f) ,Provides-function(?t,?f )) , 

MH(?b,?t),  #FA] 


information  about  the  base  or  target  per  se.  Additionally,  the  evidence  scores  used  here  are  lower  than 
those  previously  described  for  SME5W7.  R  was  found  that  the  prior  scores  pushed  the  weights  too  far  into 
the  high  end  of  the  0..1  spectrum,  offering  little  difference  between  fair  matches  and  very  good  matches. 
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Systematicity  is  supported  by  passing  evidence  from  a  match  involving  a  relationship  to 
the  matches  involving  its  arguments.  The  following  rule  accomplishes  this  by  propagating 
#SYS%  of  a  match  hypothesis’  belief  to  its  offspring. 

Rule  19  (Systematicity,  Non-Commutative  Case) 

MH(?bi.?ti)  A  MH(?b2.?t2)  A  Children-of(?b2.?t2,?bi,?tj) 

=>  Implie8CMH(?bl,?tl).  MH(?b2,?t2).  iSYS] 

A.  second  rule  is  used  to  propagate  systematicity  through  commutative  predicates  by  re¬ 
moving  the  corresponding  arguments  test  (i.e.,  Children-of ).  The  more  matched  structure 
that  exists  above  a  given  match  hypothesis,  the  more  that  hypothesis  will  be  believed.  Thus 
this  “trickle  down”  effect  provides  a  local  encoding  of  Centner’s  systematicity  principle. 

Finally,  contextual  relevance  is  used  to  provide  additional  evidence  for  those  matches 
supporting  the  current  reasoning  needs  of  the  global  reasoning  system.  There  are  two 
factors  to  consider.  First,  which  relations  are  more  salient  for  the  current  reasoning  task? 
For  example,  in  PHINEAS  the  central  focus  is  to  explain  an  observed  behavior.  Matches 
identifying  corresponding  behavior  are  given  greater  import  than  matches  for  other  features. 

Rule  21  (Behavioral)  If  a  match  hypothesis  is  between  two  behavioral  relations  (e.g., 
Increasing,  Decreasing),  then  supply  an  evidence  score  of  ^Behavior  to  the  match. 

HH(?b,?t)  A  Expres8ion(?b)  A  Expres8ion(?t)  A 
Behavioral-Relation(?b)  A  Behavioral-Relation (?t) 

=>  Implies [behavioral ,  HH(?b,?t),  iBehavior] 

Second,  which  gmaps  offer  candidate  inferences  providing  needed  knowledge?  For  exam¬ 
ple,  if  a  cause  for  E  is  sought,  gmaps  offering  the  inference  Cause (C,E)  would  be  preferred. 
In  PHINEAS,  the  relation  B-Explains(T,5)  is  used  to  state  that  the  set  of  theories  T 
explain  the  behavior  B.  This  predicate  is  then  sought  eis  part  of  the  candidate  inferences 
for  a  gmap. 

Rule  22  (Provides  Relevant  Inference)  If  a  gmap  contains  a  candidate  inference  sup¬ 
porting  a  behavioral  explanation,  then  supply  an  evidence  score  of  #RInf  to  the  gmap. 

CI(?gmap,  B-ExplainsCTbase-theory ,?target-behavior) )  A 
Current-Observation(?target-behavior) 

=>  Implies [Cl (?gmap,  B-Explains(?base-theory,?targ8t-behavior)) , 
?gmap,  iRInf] 

The  specific  parameter  settings  used  in  SMEcsw  are: 
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Evidence  Parameter 

Value 

#MA 

0.4 

#SP 

0.4 

#FA 

0.8 

#SYS 

#Behavior 

0.4 

#RInf 

■s 

Whenever  numeric  weights  are  used  to  influence  a  system’s  function,  there  is  danger  of 
(1)  tailoring  for  particular  examples  and  (2)  sensitivity  to  specific  values.  Values  for  the  ev¬ 
idence  paraimeters  in  SMEcsw  were  selected  based  on  long  experience  with  SME5AfT  and  gen¬ 
eral  intuition.  Of  course,  a  more  formal  sensitivity  analysis  is  required.  However,  SMEcsAf’s 
evidence  parameters  have  not  changed  throughout  the  development  of  PHINEAS  and  the 
same  rtile  set  was  used  for  all  examples.  Both  Ken  Forbus  and  myself  have  conducted 
preliminary  empirical  studies  to  determine  SME5jifx’s  sensitivity  to  the  space  of  possible 
parameter  settings.  On  simple  examiples  such  as  the  small  water  flow,  heat  flow  analogy 
described  in  Section  3.2,  it  was  found  that  simply  having  non-zero  settings  is  sufficient. 
On  more  complex  analogies,  such  as  the  short  stories  discussed  in  (Skorstad  et  al.,  1987), 
performance  is  robust  but  not  completely  insensitive  to  parameter  settings.  Most  crucial 
is  the  setting  for  systematicity.  This  must  be  high  for  SME5AfT  to  demonstrate  a  marked 
preference  for  higher-order  systems  of  relations.  The  findings  are  too  preliminary  to  draw 
conclusions.  Analysis  is  tedious  due  to  the  size  of  the  space  being  considered  -  ranging 
SMj£5Afr’s  eight  parameters  through  four  values  each  yields  65,536  data  points  for  a  single 
base-target  p2ur.  Although  these  findings  should  apply  equally  well  to  SMEc5Afj  studies  on 
SMEcrsAf  have  not  yet  begun. 


3.4  Analysis 

This  section  presents  a  critical  review  of  SHE  from  both  analytical  and  empirical  perspec¬ 
tives.  First,  a  summary  of  SME’s  complexity  is  given.  This  is  followed  by  au  empirical 
discussion  of  alternate  domain  representations  and  their  impact  on  performance.  Finally, 
SME’s  generality  is  described  in  the  context  of  its  existing  applications. 
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3.4.1  Complexity  analysis 

(Falkenhainer  et  al.,  1987)  pio&enis  a  detailed  analysis  of  eacli  phase  in  the  SME  algorithm. 
This  section  summsirizes  those  results.  In  the  discussion,  Nb  and  Nt  are  the  number  of  base 
and  target  dgroup  items,  respectively.  Their  average  is  denoted  by  N. 

1.  Local  match  construction:  In  both  SKEsmt  aJid  SMEcsmi  match  constructor  rules  aie 
simple  and  we  may  assume  rule  execution  takes  unit  time.  Under  this  cissumption, 
both  :f liter  and  : intern  rules  require  0{Nt,  *  Nt)  or  roughly  0{N^).  However,  in 
practice  the  :  intern  rules  have  a  run  time  of  approximately  0{N). 

2.  Calculating  Conflicting;  SMEcsat  assigns  a  Conflicting  set  to  each  match  hypothesis, 
MH{bi,tj)  which  represents  the  alternate  mappings  for  bi  and  tj.  Worst  case  is 
0{N^),  while  the  best  case  performance  is  0{max(Ni„  Nt)). 

3.  Emaps  and  NoGood  calculation:  Each  match  hypothesis  is  operated  on  once,  which 
in  the  worst  case  is  O(N^). 

4.  Gmap  construction:  Global  matches  are  formed  in  a  sequence  of  three  merge  steps: 

(a)  Assuming  that  most  of  the  match  hypotheses  will  appear  in  only  one  or  two  sub¬ 
graphs  (some  roots  may  share  substructure),  the  first  merge  step  is  proportional 
to  the  number  of  match  hypotheses,  or  worst  case  0{N^). 

(b)  In  the  worst  case,  this  step  is  equivalent  to  Step  4(c),  which  can  display  C?(iV!) 
performance.  If  the  base  and  target  dgroups  give  rise  to  a  match  hypothesis 
graph  having  a  single,  consistent  root,  then  there  is  only  one  gmap  and  the 
second  (and  third)  merge  steps  are  constant-time.  Typically,  the  second  merge 
step  is  very  quick  and  displays  near  best-case  performance. 

(c)  The  complexity  of  this  final  merge  step  is  directly  related  to  the  degree  of  struc¬ 
ture  in  the  base  and  target  domains  and  how  many  different  predicates  are  in 
use.  This  issue  is  reexamined  in  the  next  section.  Worst-ceise  performance  oc¬ 
curs  when  the  description  language  is  flat  (i.e.,  no  higher-order  structure)  and 
the  same  predicate  occurs  many  times  in  both  the  base  and  the  teirget.  In  a 
language  with  a  single,  unaxy  predicate,  this  reduces  to  the  problem  of  finding 
all  isomorphic  mappings  between  two  equal  size  sets,  which  is  C?(7V!).  In  the 
other  extreme,  when  the  base  and  target  dgroups  give  rise  to  a  match  hypothesis 
graph  that  has  but  one  root,  the  third  merge  step  is  a  constant-time  operation. 
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5.  Finding  candidate  inferences:  In  the  worst  case  we  have  an  upper  bound  of  0{N^). 
In  the  best  Ccise,  there  will  only  be  one  gmap  £uid  no  candidate  inferences,  producing 
constant  time  behavior. 

6.  Selection  score  computation: 

The  complexity  of  the  evidence  mechanism  (BMS)  is  difficult  to  ascertain,  and  ranges 
from  80%  of  SME’s  processing  time  on  small  examples  to  less  than  5%  on  large  exam¬ 
ples.  The  BMS  maintains  dependencies  between  evidentieil  results  and  may  be  elimi¬ 
nated  if  their  explanation  is  not  required.  The  original  SHE  (Falkenhainer  et  al.,  1986) 
used  a  specialized  0{N^)  system. 

3.4.2  Implications  for  Representation 

The  proper  representation  becomes  an  issue  in  SHE  due  to  its  significant  impact  on  speed 
performance.  Highly  structural,  nested  representations  provide  an  important  source  of 
constraint  on  generating  potential  matches.  They  tend  to  make  the  semantic  interrelations 
explicit  in  the  structure  of  the  syntax.  For  example,  a  theory  might  be  represented  as  a 
sequence  of  axiom  statements 

Axiom-ofCTl,  aziomi) 

or  as 

TheoryCTl,  SETCowiomi,  ...  aziomi  ...  axioTn„)) 

While  SHE  is  able  to  process  domain  descriptions  in  any  predicate-based  format,  the 
latter  is  significantly  more  efficient.  The  reason  is  that  the  set  representation  for  theories 
places  the  related  axioms  syntactically  together,  reducing  the  number  of  spurious  local 
matches. 

Several  different  representations  for  temporal  intervals  were  empirically  tested  with  SHE. 
In  each,  the  base  described  the  four  state  cyclic  behavior  of  a  spring-block  configuration, 
while  the  target  described  the  four  state  cyclic  behavior  of  an  oscillating  LC  circuit.  Static 
situation  information  was  also  included  in  all  representations,  such  as  (BLOCK  block)  and 
(CONNECTED  spring  block).  The  first  representation  tested  was  a  standard  situation 
calculus  syntax: 

(DURING  (CONSTANT  (POSITION  spring))  SI) 

(DURING  (CONSTANT  (POSITION  block))  SI) 

(DURING  (DECREASING  (POSITION  spring))  S2) 

(DURING  (DECREASING  (POSITION  block))  S2) 
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(DURIIG  (COISTIIT  (POSITIOI  spring))  S3) 

(DURIIG  (COISTAIT  (POSITIOI  block))  S3) 

(DURIIG  (IICREASIIG  (POSITIOI  spring))  S4) 

(DURIIG  (IICREASIIG  (POSITIOI  block))  S4) 

(MEETS  SI  S2) 

(MEETS  S2  S3) 

(MEETS  S3  S4) 

(MEETS  S4  SI) 

This  produced  306  possible  gmaps  and  took  SHE  a  total  of  2  minutes. 

The  second  representation  was  taken  from  Hayes’  (1979)  definition  of  history  as  a  de¬ 
scription  of  a  single  object’s  behavior  over  time.  The  predicate  AT  is  used  to  specify  a  slice, 
the  intersection  of  an  object  with  a  period  of  time  (either  interval  or  instant).^  In  this 
representation,  the  oscillatory  behavior  is  described  as: 

(COISTAIT  (POSITIOI  (AT  spring  SI))) 

(COISTAIT  (POSITIOI  (AT  block  SI))) 

(DECREASIIG  (POSITIOI  (AT  spring  S2))) 

(DECREASIIG  (POSITIOI  (AT  block  S2))) 

(COISTAIT  (POSITIOI  (AT  spring  S3))) 

(COISTAIT  (POSITIOI  (AT  block  S3))) 

(IICREASIIG  (POSITIOI  (AT  spring  S4))) 

(IICREASIIG  (POSITIOI  (AT  block  S4))) 

(MEETS  SI  S2) 

(MEETS  S2  S3) 

(MEETS  S3  S4) 

(MEETS  S4  SI) 

This  syntax  produced  756  possible  gmaps  and  took  SHE  a  total  of  29  minutes,  52  seconds. 
It  should  also  be  noted  that  this  is  the  only  description  of  time  that  is  a  priori  immune 
to  the  structure  rearrangement  problem  described  in  Section  2.2.  This  is  because  the  time 
token  is  present  at  the  bottom-most  level  of  description;  there  is  no  smaller  expression  that 
contains  the  object  token  spring  and  does  not  contain  the  state  token  SI. 

Finally,  the  nested  temporal  syntax  currently  used  in  PHINEAS  was  tested.  The  syntax 
for  a  temporal  interval,  called  a  situation,  is: 

SlVJkTlOtiiNameToken) ,  (Relations)) 

Using  this  syntax,  the  oscillator  was  described  as: 

^This  was  the  representation  used  in  an  earlier  version  of  PRINEAS  (Falkenhainer,  1986). 
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Table  3.1:  SHE  performance  on  alternate  temporal  representations. 


Representation 

#  MH’s 

^  Gmaps 

Total  BMS 
run  time 

Total  match 
run  time 

Situation  Calculus 

164 

306 

0:27.72 

1:33.18 

Slices 

212 

756 

0:49.34 

29:02.32 

Nested 

125 

46 

0:19.07 

0:06.63 

NOTE:  All  times  are  given  in  minutes:seconds.&action.  Total  match  time  is  total  SME  run  time 
minus  BMS  run  time. 


(MEETS 


(MEETS 


(MEETS 


(MEETS 


(SITUATIOI  SI 
(SITUATIOI  S2 
(SITUATIOI  S2 
(SITUATIOI  S3 
(SITUATIOI  S3 
(SITUATIOI  S4 
(SITUATIOI  S4 
(SITUATIOI  SI 


(SET  (COISTAIT  (POSITIOI  spring)) 
(COISTAIT  (POSITIOI  block)))) 
(SET  (DECREASIIG  (POSITIOI  spring)) 
(DECREASIIG  (POSITIOI  block))))) 
(SET  (DECREASIIG  (POSITIOI  spring)) 
(DECREASIIG  (POSITIOI  block)))) 
(SET  (COISTAIT  (POSITIOI  spring)) 
(COISTAIT  (POSITIOI  block))))) 
(SET  (COISTAIT  (POSITIOI  spring)) 
(COISTAIT  (POSITIOI  block)))) 
(SET  (IICREASIIG  (POSITIOI  spring)) 
(IICREASIIG  (POSITIOI  block))))) 
(SET  (IICREASIIG  (POSITIOI  spring)) 
(IICREASIIG  (POSITIOI  block)))) 
(SET  (COISTAIT  (POSITIOI  spring)) 
(COISTAIT  (POSITIOI  block))))) 


This  syntax  resulted  in  46  gmaps  and  took  a  total  of  26  seconds  to  compute.  Notice, 
the  time  for  computing  the  match  alone  (sans  BMS)  dropped  &om  over  29  minutes  for  the 
slices  notation  to  under  7  seconds.  The  apparent  redundancy  of  the  description  (each  situ¬ 
ation  ann*.ars  ivnrm\  'nrtual,  uot  real.  To  SME,  all  syntactically  identical  subexpressions 
in  a  description  map  to  the  same  internal  expression.  Furthermore,  expressions  may  be 
n2nned  for  use  as  Mguments  to  other  expressions.  For  example,  the  above  description  was 
actually  given  to  SME  as  four  named  situation  expressions.  Their  temporal  ordering  was 
then  given  in  the  same  way  it  was  for  the  other  two  representations,  for  example,  (MEETS 
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situationl  situation2).  situationl  is  now  a  pointer  to  a  situation  description,  rather 
than  a  situation  token. 

These  results  are  summarized  in  Table  3.1.  The  difference  in  speed  is  primarily  due  to 
the  operation  of  merge  step  2,  which  combines  matches  sharing  a  common  base  structure. 
The  set  notation  for  time  enables  merge  step  2  to  know  that  matches  for  state  SI  behavior 
of  the  spring-block  oscillator  should  be  placed  in  the  same  gmap,  thus  reducing  the  number 
of  possibilities  in  merge  step  3. 

While  perhaps  somewhat  unorthodox,  this  representation  has  some  desirable  properties. 
First,  most  expressions  are  simpler  since  temporal  references  are  implicit.  At  least  in  terms 
of  analogical  processing,  indexing  a  situation’s  facts  this  way  drastically  reduces  the  number 
of  match  hypothesis  combinations  possible.  Second,  it  makes  the  temporal  clustering  of 
relations  explicit  in  the  syntax. 

Similar  conventions  have  been  used  in  PHINEAS  for  a  number  of  representation  problems, 
such  as  the  representation  of  theories,  with  comparable  savings. 

The  key  implication  for  einalogical  processing  is  that  syntax  should  mirror  semantics.  If 
there  is  a  strong  first  or  second  order  relationship  between  two  expressions,  this  relationship 
should  be  obvious  from  the  syntax.  Such  relationships  are  typically  not  mirrored  in  the 
syntax  of  standard  first  order  predicate  calculus.  For  example, 

(Greater-than  x  y  SI) 

(Break  y  S2) 

(Cause  SI  S2) 

does  not  syntactically  reflect  the  important  relationship  that  exists  between  the  Greater-than 
expression  and  the  Break  expression.  On  the  other  hand, 

Cause[Greater-Thsm(x,y) ,  BreeLk(y)] 

makes  their  relationship  structurally  explicit.  Similar  arguments  have  been  made  in  favor  of 
semantic  net  representations  (Winston,  1984),  despite  their  logical  equivalence  with  FOPC 
(Hayes,  1977). 

3.4.3  Generality 

There  are  a  number  of  factors  in  evaluating  the  success  and  generality  of  a  program.  While 
it  is  important  to  be  able  to  demonstrate  more  than  one  example,  and  SME  has  successfully 
run  on  over  40,  conclusions  from  sheer  number  of  examples  should  be  limited.  For  exam¬ 
ple,  in  the  water  flow  -  heat  flow  example,  if  heat  flow  were  replaced  by  an  isomorphic 


66 


description  of  electrical  flow,  SHE  wouldn’t  know  the  difference,  Shoidd  we  say  these  repre¬ 
sent  two  examples,  or  merely  one?  How  then  has  tailorability  been  reduced  and  coverage 
determined?  First,  only  a  small  set  of  rule  files  has  been  used  throughout  the  various  stud¬ 
ies  involving  SME.  For  example,  every  PHINEAS  example  presented  in  this  thesis  used  the 
same  rule  set  described  earler.  Second,  PHINEAS  places  the  user  one  step  farther  from  SME 
by  being  in  charge  of  generating  SME’s  input  and  inspecting  SME’s  output.  Furthermore, 
PHINEAS  requires  that  the  representations  used  by  SME  be  able  to  satisfy  a  specific  perfor- 
mcince  task.  A  representation  developed  to  perform  useful  inferences  has  fewer  arbitrary 
choices  than  a  representation  developed  specifically  for  analogical  matching.  Finally,  SME 
has  demonstrated  a  high  degree  of  generality  through  its  multiple  uses.  It  hats  been  used  in 
cognitive  simiilation  studies,  served  as  a  component  in  other  systems  (including  PHINEAS), 
and  been  configured  to  emulate  other  analogy  programs.  Specifically,  SME  has  been  used 
in: 

•  Cognitive  simulation  of  Structure- Mapping  theory:  SME  has  been  successfully  used  in 
studies  comparing  the  psychological  predictions  of  structure-mapping  theory  (Sko- 
rstad  el  al.,  1987).  It  has  also  been  used  to  apply  the  concepts  of  Structure-Mapping 
theory  to  metaphor  understanding  (Centner  et  al.,  1987). 

•  As  a  component  in  SEQL:  Janice  Skorstad  has  used  SME  as  a  component  in  SEQL,  a 
concept  learning  program  that  forms  generalized  structural  concept  descriptions  from 
a  sequence  of  examples  (Skorstad  et  al.,  1988;  Skorstad,  1989).  SEQL  has  further  been 
used  for  studying  sequence  effects  in  concept  formation. 

•  Simulating  SPROUTER:  Hayes-Roth  2md  McDermott  (1978)  describe  a  technique  for 
partial  matching  of  structural  descriptions  called  interference  matching.  Their  SPROUTER 
program  uses  the  matching  to  form  a  generalized  conjunctive  concept  description  of 

a  set  of  target  examples,  SME  and  the  generalization  module  it  contains  has  success¬ 
fully  reproduced  the  first  two  (out  of  three)  examples  discussed  in  (Hayes-Roth  & 
McDermott,  1978).®  The  third  example  has  never  been  tried.  (Falkenhainer,  1988a) 
briefly  discusses  how  SME  may  be  configured  to  emulate  SPROUTER. 

^SME  contains  a  module  that  takes  a  gmap  produced  by  the  matching  component  and  returns 
three  alternate,  generalized  conjunctive  concept  descriptions  coveting  the  base  and  target  instances  (see 
Falkenhainer,  1988a).  The  three  alternatives  correspond  to  (1)  only  what  base  and  target  have  in  com¬ 
mon  identically,  (2)  everything  bsise  and  target  have  in  common  (e.g.,  PRESSURE  matched  to  TEMPERATURE 
turns  into  FUHCTIOI-3),  and  (3)  everything  base  and  target  have  in  common,  plus  the  candidate  inferences 
proposed  for  the  target. 
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•  Simulating  ACHE:  Holyoak  and  Thagard  (1988a)  describe  a  new  system,  ACHE,  which 
may  be  described  as  a  descendant  of  SHE,  with  SHE’s  three  merge  steps  replaced  by 
connectionist  relaxation  techniques.  An  ACHE  rule  set  has  been  used  to  reproduce  a 
number  of  excimples  described  in  their  paper.  This  ride  set  is  discussed  further  in 
(Falkenhainer,  1988a)  and  the  two  programs  are  compaired  in  Section  10.2.1.5. 
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Chapter  4 
Access 


Access  is  the  process  of  reminding  and  recognition.  In  the  context  of  physical  analogies, 
the  first  step  towards  explaining  a  newly  encountered  observation  is  attempting  to  relate 
it  to  understood  situations.  Is  it  an  instance  of  an  understood  phenomena?  Could  it  be  if 
a  few  assumptions  were  made?  Is  it  similar  to  an  understood  phenomena?  For  analogical 
learning,  the  goal  is  to  retrieve  theories  most  likely  to  provide  am  accurate  explanation. 

Anadogical  access  hats  proven  to  be  a  difficult  problem  for  AI  amd  few  analogy  systems 
address  it.  As  reviewed  in  Section  2.1,  access  is  typicaiUy  a  matter  of  being  presented  with 
a  complete  base  representation,  some  form  of  specific  cue,  as  in  a  teacher  supplied  hint 
(Burstein,  1983;  Greiner,  1988),  or  the  specific  goal  concept  (Kedar-Cabelli,  1985b).  Most 
work  on  access  faiUs  under  case-baised  reaisoning  (e.g.,  Kolodner,  1984;  Ashley  &  Risslamd, 
1987).  In  these  systems,  access  typicailly  proceeds  by  indexing  the  features  of  the  situa¬ 
tion  description  into  a  memory  orgamized  ais  a  discrimination  net  or  decision  tree.  These 
techniques  have  two  problems.  First,  they  tend  to  be  sensitive  to  incomplete  information 
amd  the  ordering  of  the  discrimination  tree.  Second,  they  limit  retrieval  to  looking  for 
features  that  match  exactly.  This  may  be  appropriate  for  case-baised  reaisoning,  which  cam 
be  considered  ais  a  form  of  within-domain  amalogy,  but  is  insufficient  for  across-domadn 
learning. 

Psychological  evidence  provides  two  suggestions  about  access.  First,  amaJogicad  accessi¬ 
bility  tends  to  be  governed  by  surface  similarities,  adso  known  ais  mere-appearance  matches 
(Ross,  1984;  Centner  &  Landers,  1985).  This  is  the  kind  of  recall  we  wish  to  avoid  in 
expert  problem  solving.  Surface  similarities  are  not  necessarily  predictive.  Yet  how  can 
we  a  priori  know  what  will  be  predictive  if  at  the  same  time  we’re  trying  to  leairn  that 
prediction-generating  knowledge? 

Second,  in  human  processing  of  physicad  analogies  and  many  types  of  problem  solving, 
imagery  seems  to  play  a  major  role  in  both  accessibility  and  evaluation  (Dreistadt,  1968; 
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Dreistadt,  1969;  Kaufmann,  1979;  Kosslyn,  1980;  Shepard  &  Cooper,  1982;  Miller,  1986). 
Some  go  so  feir  as  to  say  “analogy  production  related  to  problem  solving  is  a  visual  process” 
(Kaufmann,  1979,  page  119).  These  studies  show  imagery  has  implications  for  remindings 
as  well  as  evaluation  -  the  ability  to  “try  out”  a  proposed  solution  before  actually  acting 
on  it,  an  aspect  discussed  more  in  Chapter  6. 

While  our  goal  is  not  to  build  a  psychological  model,  the  second  suggestion  will  prove 
useful.  First,  visucJ  processing  appears  to  have  the  ability  to  abstract  and  store  vast 
amounts  of  information  and  detect  patterns  that  are  relatively  easy  to  mcinipulate  and 
recall.  Second,  time  varying,  dynamic  behavior  is  highly  predictive  of  underlying  causal 
mechanisms,  sometimes  more  so  than  an  incomplete,  static  situation  description.  Both 
factors  are  important  for  computational  studies  of  ainalogy.  Given  current  technology,  an 
autonomous  account  of  the  first  will  not  be  attempted. 

This  chapter  describes  the  mode!  rmd  implcmcritation  of  access  used  in  PHINEA3.  Ii  is 
based  on  the  claim  that  both  the  behavioral  and  structural  similarity  of  two  phenomena 
can  be  used  to  initiate  and  guide  the  mapping  of  an  explanatory  causal  model. 


4,1  Accessing  Physical  Analogies 

In  analogical  learning,  one  starts  with  a  partially  understood  model  of  a  domain,  or  a 
teacher-supplied  hint  which  serves  the  same  purpose.  This  incomplete  model  is  then  used 
to  key  access  and  constrain  the  mapping  that  serves  to  complete  the  model.  In  leuning 
from  observation  there  is  no  teacher  to  provide  a  hint.  If  the  phenomenon  is  new,  the  learner 
may  not  even  have  a  partial  causal  model  to  drive  access.  Therefore,  some  other  key  into 
memory  is  required  to  constrain  the  mapping  process.  The  only  available  information  is 
the  observable  structiual  and  behavioral  characteristics  of  the  situation.  What  must  be 
specified  is  how  this  information  can  drive  access.  Specifically,  it  must 

•  provide  commonality  between  systematic  pieces  of  knowledge.  Commonality  among 
richly  interconnected  relations  will  maximize  the  probability  that  we  have  a  true 
analogy,  rather  them  a  chance,  mairginal  similarity. 

•  highlight  important  aspects,  in  order  to  reduce  spurious  remindings  and  improve  the 
chance  of  finding  the  most  relevant  analogue. 

•  be  predictive.  Time  is  best  spent  on  hypotheses  that  have  a  high  chance  of  being 
correct. 


70 


One  component  of  access  is  correlational:  when  seeking  goal  G,  select  the  subset  of 
available  information  that  is  known  to  correlate  to  G  and  find  an  analogue  sharing  the 
m^Lximum  amount  of  similzir  information. 

The  other  component  of  access  is  discriminability:  when  seeking  goal  G,  focus  on  the 
subset  of  available  information  leading  to  the  smallest,  yet  plausible,  analogue  camdidate 
set.  In  other  words,  seek  factors  that  will  allow  us  to  select  good  analogues  from  a  vast  set 
of  possibilities  in  the  minimal  amount  of  time 

Both  of  these  components  appear  in  some  form  in  any  decision  making  process.  They 
may  be  in  the  form  of  probabilities  leading  to  a  pairticular  cause  for  a  given  episode,  as  in 
diagnostic  decision  making  (Pople,  1977),  an  analysis  of  how  to  partition  existing  data,  as 
in  IDS  (Quinlan,  1983),  or  of  a  more  symbolic  or  heuristic  nature.  The  important  point 
is  that  if  a  portion  of  available  information  has  a  tendency  to  co-occur  with  the  desired 
unknown,  and  tends  to  only  be  associated  with  that  unknown,  use  it  as  a  predictive  key 
into  memory.  How  can  this  be  achieved  for  the  physical  analogy  task? 

The  first  clue  is  that  models  of  physical  systems  aire  decomposable  into  different  per¬ 
spectives  of  the  same  phenomenon,  such  as  structural,  behavioral,  causal,  and  teleological. 
The  amount  of  knowledge  available  tends  to  be  different  for  each.  Thus,  one  element  to 
accessing  physical  analogies  is  to  recognize  that  one  should  key  on  whatever  perspectives 
are  most  readily  available.  For  example,  suppose  a  complete  behavioral  model  and  a  scant 
causal  model  exist  for  a  given  system.  In  attempting  to  form  a  full  causal  model,  it  would 
be  wise  for  the  access  mechanism  to  key  on  similar  behavior  rather  than  trying  to  find  all 
systems  which  overlap  what  little  is  already  known  about  the  target  causal  model.  Because 
a  lot  is  known  about  the  behavior,  it  maximizes  the  relational  information  available  and 
the  descriptive  space  in  which  to  maximize  commonalities.  This  satisfies  an  important  cri¬ 
terion:  seek  commonality  among  richly  interconnected  relations  to  increase  the  likelihood 
of  a  true  analogy.  The  problem  of  drawing  distinct  boundaries  and  defining  the  separate 
categories  isn’t  really  important.  The  lines  may  often  be  drawn  differently  for  different 
situations  and  by  different  people.  What  is  important  is  that  different  types  of  knowledge, 
or  aspects,  about  the  same  situation  tend  to  have  a  cross  correlation.  It  is  this  correlation 
that  I  wish  to  exploit. 

A  second  important  feature  of  access  is  the  use  of  abstractions.  Attempting  to  locate 
similar  knowledge  structures  when  given  a  highly  detailed  model  can  be  needlessly  complex. 
Abstracting  out  the  key  features  of  the  detailed  model  simplifies  the  task.  For  example,  in 
trying  to  access  behavior  similar  to  water  heating  on  a  stove,  it  is  ezisier  to  use  an  abstract 
model  of  flow  than  a  detailed  model  of  changing  pressures  and  moving  molecules.  Typically, 
dynamic  behavior  is  most  readily  abstracted  through  visual  processing  and  is  the  first  model 
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one  has  for  a  new  domain.  In  more  expert  problem  solving,  structural  or  causal  models 
may  be  abstracted,  enabling  the  discernment  of  salient  features  for  triggering  the  model 
(e.g.,  “central-force  system”).  A  single  phenomenon  or  model  may  be  represented  using 
multiple,  overlapping  abstractions.  Thus,  access  should  also  key  on  shared  abstractions. 

This  view  should  not  be  confused  with  theories  that  treat  einalogies  as  shared  abstrac¬ 
tions  (e.g.,  Greiner,  1988).  In  these  approaches,  only  a  single  model  type  exists,  forcing 
the  system  to  find  a  shared  abstraction  with  the  target  concept.  Analogy  is  conjectured  as 
equivalent  to  instantiating  a  common  abstraction.  This  overly  restrictive  view  of  analogy 
does  not  capture  the  breadth  of  the  phenomenon.  For  example,  in  this  thesis  a  complete 
behavioral  model  is  used  to  conjecture  a  new  causal  model.  In  this  manner,  the  power  of 
using  shared  abstractions  may  be  achieved  without  giving  up  the  creative  power  of  analogy. 

4.1.1  What  types  of  behaviors? 

Not  just  any  behavioral  abstraction  wiU  do,  and  occasionally  behavior  cJone  is  insufficient. 
For  example,  in  searching  for  an  analogue  to  a  spring-block  oscillator,  we  are  more  discern¬ 
ing  than  simply  looking  for  an  instance  of  something  “going  back  and  forth”.  We  tend  to 
know  that  the  spring-mass  oscillator  is  a  passive  system  exliibiting  a  response  to  some  ini¬ 
tial  perturbation.  We  also  know  to  prefer  mechanical  systems  such  as  another  spnng-mass 
example  or  a  torsion  oscillator  (i.e.,  something  oscillating  due  to  elasticity).  A  person  walk¬ 
ing  to  and  from  school  each  day  should  not  be  seriously  entertained  as  an  analogue.  Thus, 
an  additional  criterion  to  abstraction-bcLsed  access  is  in  having  the  right  abstractions.  The 
maximum  amount  of  detail  perceptually  available  should  be  captured  while  still  having  a 
concise  representation. 

Consider  what  information  may  be  recorded  about  a  hot  brick  immersed  in  cold  water. 
One  particularly  useless  account  would  relate  just  that  informaiion:  there  is  some  water  in 
a  bucket,  and  a  brick  in  sitting  in  the  bucket,  immersed  in  the  water.  This  isn’t  going  to 
help  too  much  in  explaining  the  behavior  since  there  is  no  behavior.  A  second  approach 
might  describe  two  connected  situations.  Si  transitioning  to  Sj.  In  5i,  the  temperature  of 
the  biick  is  gieater  than  the  teruperature  of  the  water  and  the  temperature  of  the  brick  is 
decreasing,  while  the  water  temperature  is  increasing.  Si  indicates  that  their  temperatures 
are  equal  and  constant.  This  is  a  better  representation  of  what  is  happening,  yet  it  still 
doesn’t  proride  many  clues.  Finally,  we  could  augment  this  description  with  more  of  its 
temporal  or  graphiccd  characteristics.  The  temperatures  of  the  brick  and  water  are  asymp¬ 
totically  approaching  each  other.  This  provides  a  sense  of  “process”.  The  temperatures 
approach  each  other  and  stop  changing  when  they  are  equal.  The  two  rates  of  change 
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appear  to  be  proportional  in  some  manner.  This  suggests  the  concepts  of  exchange  amd 
equilibrium. 


4.2  Implementation 

There  are  two  primary  phsises  in  processing  a  new  observation.  First,  the  raw  observation 
must  be  received,  translated  into  qualitative  terms,  and  analyzed  for  patterns  (e.g.,  sinu¬ 
soidal  oscillation).  Second,  the  qualitative  description  is  used  to  key  into  memory  to  see  if 
it  corresponds  to  a  known  phenomenon,  or  is  similar  to  any  understood  phenomena.  The 
first  component  is  external  to  PHINEAS.  The  second  component  is  the  primary  topic  of  this 
section. 

The  user  translates  the  raw  observation  into  qualitative  values  and  derivatives  (increas¬ 
ing,  constant,  decreasing),  and  divides  it  into  qualitatively  equivalent  temporal  intervals. 
For  exzunple,  a  series  of  values  for  quantity  qi  might  be  represented  as  qi  =  0,  qi  >  q2, 
and  Incraasing(qi)  d'lring  state  Sj,  transitioning  to  qj  >  0,  qi  >  q2,  and  Increasing (qi) 
during  state  S2.  Additionally,  the  user  provides  information  about  global  patterns  in  the 
data,  such  as  sintiaoidal  oscillation  or  asymptotic  approach  to  zero. 

Before  discussing  the  specific  access  process,  a  few  representational  conventions  will  be 
described. 

4.2.1  Behavioral  Segments 

We  need  a  way  to  represent  behaviors,  potentially  at  multiple  levels  of  abstraction  and  from 
different  ontological  perspectives.  Consider  the  behavior  of  alcohol  disappearing  when 
left  sitting  in  an  open  container  (Figrire  4.1).  Two  cleisses  of  information  zire  recorded 
(Figure  4.2):  the  original  scenario  description  (e.g.,  (Open  beaJcer2)  and  (Coatainer-of 


Figure  4.1:  An  unexplained  observation  of  alcohol  disappearing  from  an  open  container. 
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(delObservation  open-alcohol  :ne« 

Behavior  open-ZLlcohol-behavior 
Individuals  (alcoholl  alcohol  beaher2) 

World  ((substance  alcohol) 

(contained-liquid  alcoholl) 

(container  beaher2) 

(container-of  alcoholl  bealcer2) 

(substance-ol  alcoholl  alcohol) 

(open  beaher2) 

(beaker  beaker2))) 

(delBSegment  open-alcohol-behavior  :neB 
Characterizations  ((matter-movement  ?self) 

(monotonic  ?sell) 

(continuous -movement  ?sell)) 

Components  (alcohol-going  alcohol-dry) 

Relations  ((meets  alcohol-going  alcohol-dry))) 

(defSituation  alcohol-going  :nee 
Characterizations  ((matter-movement  ?sell) 

(monotonic  ?self) 

(continuous -movement  ?self)) 

Individuals  (alcoholl) 

Dynamics  ((Decreasing  (lmount-o£  alcoholl)) 

(Constant  (Change-rate  (imount-of  alcoholl))) 

(Greater-than  (A  (amount-ol  alcoholl))  zero))) 

(defSituation  alcohol-dry  :nee 
Individuals  (alcoholl) 

Dynamics  ((Constant  (Amount-ol  alcoholl)) 

(Equal-to  (A  (Amount-ol  alcoholl))  zero))) 

Figure  4.2:  Behavioral  description  of  an  open  container  of  alcohol.  The  del Situationform 
identifies  a  primitive  (single  state)  bseg.  The  :new  keyword  indicates  a  new  observation, 
as  opposed  to  a  declaration  of  an  old  experience.  Old  experiences  have  an  additional 
Processes  field  for  each  situation,  providing  pointers  to  instantiations  of  the  theories  used 
to  explain  it. 
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alcoholl  b«eQcer2))  and  the  dynamic  behavior  across  time  (e.g.,  (Decreasing  (Amount-of 
alcoholl) ) ). 

Observations  are  recorded  using  the  def  Observation  form,  which  names  the  observa¬ 
tion,  identifies  the  individuals  involved,  and  indicates  the  name  of  its  behavioral  description. 
The  scenario  description  (e.g.,  structural  relationships  and  objects’  properties)  appears  as 
the  world  component  of  an  observation. 

Behaviors  are  represented  by  collections  of  behavioral  segments  (bseg).  A  behavioral 
segment  represents  a  slice  through  the  spatial-temporal  plot  of  an  observation.  A  bseg 
may  represent  either  a  primitive  situation,  or  an  extended  period  of  time  summarizing  a 
collection  of  more  primitive  bsegs.  No  important  distinctions  are  made  between  the  two 
types,  since  what  is  considered  primitive  depends  upon  the  information  available.  Added 
detail  will  typically  expand  a  situation  into  finer  divisions. 

Interrelations  between  bsegs  may  be  either  spatial  or  temporal  in  nature.  For  exam¬ 
ple,  consider  the  multiple  representations  of  the  oscillatory  behavior  of  a  spring  and  block 
combination  shown  in  Figure  4.3.  The  upper-most,  single  state  description  summarizes 
the  behavior  with  an  oscillating  bseg.  This  decomposes  into  the  eight  state  cycle  be¬ 
low  it,  which  is  in  terms  of  V«locity(bloclcl)  >  0,  Decreasing [Velocity (blockl)] ,  and 
Position(blockl)  >  0,  etc.  The  eight  state  and  single  state  descriptions  are  temporally 
related,  in  this  case  through  abstraction  of  eight  temporal  states  into  a  single  temporal 
state.  Differing  spatial  slices  through  the  representation  are  possible  as  well.  For  example, 
the  eight-state  cycle  describing  velocity  and  position  may  be  divided  into  two,  four-state 
cycles,  one  describing  the  velocity’s  behavior,  the  other  describing  the  position’s  behavior. 
Currently,  PHINEAS  uses  only  the  temporal  abstraction  component  of  this  representation. 

Behavioral  segments  are  recorded  using  the  delBSegment  form: 

(deiBSegment  {BsegName)  [:mv] 

Cheuracterizations  {Behavioral Abstractions) 

Individuals  (.{Entityi) ,  {Entity2) •  .tiEntityi)") 

Explanation  {Explanations ummary) 

Components  {BSegs) 

Relations  {Temporal  Spatial  Relations) 

Dynamics  ({BehavioralRelations))  ) 

The  Characterizations  field  describes  the  behavior’s  abstract  properties,  such  as  asymp¬ 
totic  approach.  A  bseg’s  Explemation  field  lists  the  process  and  entity  instances  that  are 
active  during  its  duration.  This  field  is  only  used  for  the  declaration  of  past  experiences,  in 
which  these  theories  are  taken  from  the  accepted  explanation  given  the  bseg.  For  example, 
the  Explanation  field  of  an  explained  dissolving  observation  appears  as: 
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Figure  4.3:  Multiple  temporal  and  spatial  views  of  a  spring-block  oscillator.  Each  circle 
represents  a  temporal  interval  during  which  aU  quantities  have  a  constant  value  with  respect 
to  the  level  of  description  in  use  for  that  view. 


Explanation  ((dissolve  pil  ((?solute  .  saltl) (?solution  .  saterl))) 

(solution  ((?solution  .  naterl)))) 

which  indicates  that  the  dissolving  process  was  active,  the  process  instance  was  called  pil, 
and  the  two  individuals  described  by  dissolving  were  saltl  and  waterl.  Further,  the  entity 
declaration  solution  was  active.  The  Components  field  identifies  the  bsegs  it  temporally  or 
spatially  summaries.  The  Relations  field  describes  the  temporal  or  spatial  interrelations 
between  the  components  (e.g.,  Keets  specifies  temporal  ordering).  The  Dynamics  field 
records  the  qualitative  value  and  derivative  information  of  the  observed  behavior.  The 
:new  option  indicates  a  new  observation,  as  opposed  to  a  declaration  of  jui  old  experience. 
Old  experiences  are  automatically  stored  in  memory,  while  new  observations  are  the  targets 
for  explanation. 

4.2.2  Behavioral  Abstractions 

We  also  need  a  way  to  organize  behaviors  in  memory  so  that  they  may  be  retrieved  later. 
This  involves  indexing  them  using  a  number  of  different  keys,  such  as  the  perceptual  prim¬ 
itives  associated  with  them,  what  their  gross  effects  are,  and  the  domains  and  situations 
they  apply  to. 

Behavioral  segments  are  indexed  in  memory  via  multiple  behavioral  abstraction  hiereir- 
chies.  Each  tree  represents  an  isa  hierarchy  of  abstract  behavioral  characterizations.  They 
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vave-movement  direct-force  action-at-a-distance 
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linear  asymptotic-approach  sinusoidalN^simple-cyclic 

ramp-cyclic 
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dual-approaching  dual-approach-finish 


rigure  4.4:  Behavioral  abstraction  forest. 


are  intended  to  relate  those  aspects  of  a  behavior  that  are  perceptually  or  ancdyticeilly 
available,  yet  not  easily  describable  using  the  standard  value  and  derivative  notation  of 
qualitative  quantities  (e.g.,  positive,  increasing,  etc.). 

The  entire  set  of  behavioral  abstractions  used  in  PHINEAS  is  shown  in  Figure  4.4.  There 
are  four  primary  categories: 

•  Graphical  charactcrizers.  These  may  be  considered  either  visual  or  graphical  char¬ 
acterizations.  At  the  highest  level  are  linear,  cyclic,  emd  asymptotic  approach.  The 
further  specializations  of  these  aire  shown  in  Figure  4.4.  For  example,  asymptotic 
approach  might  describe  approaching  a  constant,  or  two  quantities  asymptotically 
approaching  each  other. 

•  Movement  perception.  These  describe  perceptual  abstractions  of  a  behavior.  Cor- 


77 


ptiscular  movemept  describes  a  solid  object  in  motion,  whereas  continuous  movement 
describes  continuous  transfer  of  matter  or  energy,  as  in  liquids  flowing.  Corpuscular 
movements  may  involve  spinning,  revolving,  reflecting,  bouncing,  twisting,  compress¬ 
ing, 

•  Movement  type.  This  describes  the  general  underlying  mode  of  movement:  matter 
simply  moving  its  location  or  orientation,  movement  of  a  wave  front  through  space, 
or  matter  moving  due  to  a  change  in  state. 

•  Mode  of  force.  This  describes  the  source  of  force  being  used,  if  readily  obvious  to  an 
observer.  These  are  action-at-a-distance.,  or  some  type  of  director  contact  force  (e.g., 
push,  pull,  twist). 

Each  bseg  is  multiply  indexed  in  memory  under  the  set  of  behavioral  characteriza¬ 
tions  associated  with  it.  For  example,  an  observation  of  liquid  flowing  between  two  con¬ 
tainers  may  be  found  under  three  different  abstract  characteristics:  matter-movement, 
continuous-movement,  and  dual-approach-finish  (Figure  4.4).  It  is  importcint  to  note 
that  a  bseg  need  not  be  indexed  under  every  one  of  the  four  category  types  listed  above. 
Typically,  this  is  not  the  case.  For  example,  the  mode  of  force  category  is  often  not  included 
in  a  description. 

4.2.3  The  Access  Process 

Memory  consists  of  a  library  of  previously  observed  phenomena  (i.e.,  situation  and  be¬ 
havior  descriptions)  and  a  collection  of  qualitative  theories  about  physical  processes  (e.g., 
liquid  flow),  entities  (e.g.,  fluid  paths),  and  general  physical  principles  (e.g.,  mechanical 
coupling),^  Past  reeisoning  traces  are  summarized  by  storing  with  each  situation  in  an 
observation  the  instantiated  collection  of  theories  (process  definitions,  etc.)  that  were  used 
to  explain  it.  This  enables  all  of  the  relevant  information  needed  to  explain  an  observation 
to  be  linked  with  the  observation  in  memory,  without  incurring  the  overhead  of  storing  fuU, 
detailed  explanations.  Were  such  an  explanation  needed,  it  could  be  easily  regenerated  from 
the  available  information.  For  example,  the  statement  Liquid-Flov(bealcerl,vial8,pip«2) 
would  be  stored  with  an  observation  of  liquid  flowing  from  beadcerl  to  vial8,  indicating 
an  instance  of  the  Liquid-Flow  process. 

The  problem  of  access  limited  to  exact  feature  match  is  avoided  through  a  two  stage 
process.  Shared  abstractions  are  used  to  focus  attention  on  a  potentially  relevant  subset  of 

^PHIIEiS’s  domain  knowledge  is  listed  in  Appendix  C.  Its  set  of  a  priori  experiences  is  listed  in 
Appendix  D. 
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Figure  4.5:  The  PHINEAS  access  process  and  adjacent  modules. 


memory.  Each  experience  in  this  subset  is  then  compared  at  a  detailed  level  to  the  current 
situation  using  SHE. 

When  a  new  observation  is  encountered,  each  bseg  is  integrated  into  memory  via  its 
given  behavioral  abstractions.  In  doing  so,  past  behaviors  sharing  those  abstractions  are 
“touched”,  that  is,  their  numeric  activation  levels  are  incremented.  An  extremely  simple 
activation  scheme  is  used  in  PHINEAS.  For  each  behavioral  abstraction  describing  a  newly 
observed  bseg,  the  activation  of  every  existing  bseg  in  memory  also  described  by  that  be¬ 
havioral  abstraction  is  incremented  by  a  value  of  one.  If  there  eire  no  known  instances  of 
that  specific  abstraction,  then  instances  are  sought  under  each  more  general  node  in  the 
hierarchy  until  instances  are  found.  Increasing  the  level  of  abstraction  produces  greater 
distance  between  the  current  situation  and  candidate  instances.  Thus,  the  amount  of 
activation  added  to  a  dis  'overed  bseg  should  decrease  with  distance  from  the  observed  be¬ 
havioral  clcissiiication.  In  PHINEAS,  the  activation  weight  is  dropped  by  one-tenth  for  each 
node  traversed.  For  example,  sm  observation  of  evaporation  might  be  classified  as  a  type 
of  fluidic-phase-change-move,  while  a  past  observation  of  dissolving  might  be  classi¬ 
fied  as  a  type  of  solid-phase- change-move.  Both  are  types  of  phase-change-movement. 
Thus,  installing  evaporation  under  f  luidic-phase-change-move  would  cause  the  activa¬ 
tion  level  of  dissolving  to  be  incremented  by  0.8.  An  initial  set  of  candidate  analogues  is 
then  obtained  by  collecting  the  N  most  activated  behaviors,  where  iV  is  a  specified  beam 
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size  (currently  15).^  These  behaviors  are  those  experiences  sharing  the  greatest  number  of 
abstract,  chciracterizing  features.  Temporal  subsumption  is  checked  during  this  operation, 
so  that  a  general  bseg  is  preferred  over  the  set  of  bsegs  it  summarizes. 

Each  prior  experience  in  the  initial  candidate  set  is  then  inspected  more  carefully  by 
matching  its  detailed  structural  and  behavioral  description  with  the  current  situation.  SHE 
is  used  for  this  operation,  producing  an  initial  partial  mapping  amd  an  evaluation  score  for 
each  candidate  analogue  experience.  This  partial  mapping  provides  an  indication  of  what 
objects  and  quantities  correspond  by  virtue  of  their  behavioral  similarity  and  will  serve  as 
an  important  source  of  constraiint  during  the  mapping  process. 

The  match  indicates  where  the  behaviors  correspond  and  thus  what  portion  of  the 
analogue  behavior  should  be  considered  relevant.  The  problem  of  relevant  theory  selection 
is  soh'-ed  by  retrieving  only  those  domain  theories  that  had  been  used  to  explain  the  matched 
portions  of  the  analogue  situation.  Each  bseg  indicates  what  processes  were  active  during 
that  state.  Thus,  the  current  observation  only  matches  a  subset  of  the  bsegs  in  the 
analogue  observation,  only  the  relevant  process  models  are  used. 

The  candidates  are  then  ordered  according  to  SME’s  evaluation  score  and  proposed  one 
at  a  time  as  results  from  the  access  ta.sk  of  PHINEAS’  global  agenda.  If  more  candidates 
are  required  beyond  the  initial  N,  the  access  task  may  always  resume  where  it  left  off  and 
examine  those  remaining.  However,  the  ability  to  resume  a  suspended  access  task  is  not 
utilized  at  the  present  time. 


4.3  Disappearing  Alcohol  Example 

The  access  mechanism  will  now  be  reviewed  in  the  context  of  a  detailed  example.  In  this 
example,  PHINEAS  is  given  time-ordered  measurements  of  a  situation  in  which  the  amount  of 
alcohol  sitting  in  an  open  beaker  is  seen  to  continually  decrease,  with  the  beaker  eventually 
empty  (Figure  4.1).  The  complete  observation  description  appears  in  Figure  4.2.  The 
system  begins  with  knowledge  of  eight  processes  -  liquid  flow,  liquid  drain  (to  constantly 
empty  an  ideal  sink),  heat  flow,  boiling,  heat-replenish  (e.g.,  to  constantly  maintain  the 
heat  of  a  stove),  dissolve,  motion,  and  spring-applied  force.  It  also  has  a  database  of 
physical  observations  fully  explained  by  these  processes. 

The  problem  is  to  propose  an  explanation  for  this  observation,  given  PHINEAS’  current 
breadth  of  knowledge.  First,  the  behavioral  abstractions  describing  the  observation  are 
used  to  probe  memory.  In  this  case,  there  are  three.  First,  matter-movement  indicates 

*Due  to  PHINEAS’  currently  impoverished  set  of  experiential  knowledge,  the  beam  sire  of  15  is  not  a 
factor  in  any  of  the  examples  discussed  in  this  thesis.  Typically,  only  3  to  4  analogues  are  retrieved. 


80 


that  matter  is  moving,  for  the  alcohol  is  disappearing.  This  directly  activates  two  different 
liquid  flow  observations,  one  of  liquid  draining  from  a  leaky  cup  and  the  other  of  flow 
between  two  containers.  Second,  continuous-movement  indicates  that  the  movement  is 
happening  gradually  over  the  total  mziss  of  the  alcohol,  as  opposed  to  the  alcohol  moving 
as  a  whole.  This  activates  a  number  of  experiences:  a  leaky  cup,  liquid  flow  between  two 
containers,  salt  dissolving  in  water,  and  a  pot  of  boiling  water.  Finally,  the  behavior  is 
monotonic,  as  opposed  to  cyclic.  This  activates  the  leaky  cup  experience,  dissolving,  and 
boiling.  Taking  all  of  those  that  have  a  non-zero  activation  level  (which  is  less  than  the 
beam  size),  we  have  the  leaky  cup  situation,  salt  dissolving  in  water,  a  pot  of  boiling  water, 
and  liquid  flow  between  two  containers. 

The  second  stage  of  access  examines  this  subset  of  memory  in  more  detail,  using  SME  to 
establish  and  evaluate  each  match.  SME  produces  the  following  observation  and  evaluation 
score  pairs: 

BOILING-BEHAVIOR  (15.7)  The  alcohol  disappearing  is  similar  to  what  would  happen  if 
it  were  boiling.  This  match  is  shown  in  Figure  4.6. 

LIQUID-DRAINING-BEHAVIOR  (14.9)  In  this  behavior,  a  leaky  cup  is  found  to  correspond 
to  the  beaker  and  the  water  leaking  out  corresponds  to  the  disappearing  alcohol. 

DISSOLVE-BEHAVIOR  (12.6)  Salt  dissolving  in  water  behaves  similarly  to  the  disappear¬ 
ing  alcohol. 

2-CONTAINER-LF  (11.1)  Water  flowing  out  of  one  container  and  into  another  until  pres¬ 
sure  equilibrium  is  reached  htis  a  similar  behavior,  although  it  ends  with  liquid  still 
present  in  the  source  container. 

At  this  point,  the  access  task  returns  the  boiling  analogue  as  the  best  behavioral  and 
structural  match  for  the  current  situation  and  passes  it  to  a  mapping  task.  The  remaining 
three  analogues  are  each  assigned  a  mapping  task  as  well,  with  their  match  scores  used 
to  establish  priority.  The  next  few  chapters  primarily  follow  the  development  of  the  "dis¬ 
solving'’  hypothesis,  because  it  demonstrates  the  greatest  percentage  of  ideas  in  the  thesis. 
Chapter  8  concludes  the  example  by  discussing  PHINEAS’s  treatment  of  each  hypothesis  and 
how  it  ultimately  selects  boiling  as  the  best  explanation. 


4.4  Perspective 

Access  is  a  difficult  problem.  Part  of  the  difficulty  is  methodological,  in  that  it  is  hard  to 
build  programs  with  the  same  volume  and  variety  of  experience  we  receive. 
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alcoholl 

beaJcer2 

alcohol 

Amount-of 

Change-Rate 

alcohol-going 

alcohol-dry 


Figure  4.6:  SMEc5Af  match  between  the  disappearing  alcohol  amd  a  boiling  pan  of  water. 


Several  factors  have  been  left  out  of  PHINEAS  that  seem  important.  First,  the  more  novel 
a  situation  and  less  it  is  readily  visible,  the  harder  recognition.  Data  must  be  collected  and 
analyzed,  patterns  sought,  and  overall  familiarity  increased.  At  some  point,  enough  de¬ 
tails  may  be  in  place  to  trigger  recognition,  reorganization,  and  insight  (Dreistadt,  1968). 
In  PHIHEAS,  the  access  task  is  greatly  simplified,  with  enough  information  provided  by 
the  user  to  find  relevant  candidate  analogues.  For  example,  the  fundamentsd  clue  leading 
to  the  caloric  theory  of  heat,  namely  that  the  temperatures  reach  equality  (Roller,  1961; 
Wiser  &  Carey,  1983),  is  part  of  the  behavioral  description  given  to  PHINEAS.  Currently, 
there  is  no  mechanism  in  PHINEAS  to  model  this  gradual  buildup  of  experiences.  See 
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(Dreistadt,  1968,  1969)  for  a  discussion  of  this  phenomenon  in  human  reasoning,  and 
(Langley  &  Jones,  1988)  for  em  initial  computationcJ  framework. 

A  second  problem  in  the  translation  of  raw  input  data  to  qualitative  patterns  (e.g., 
sinusoidal  oscillation).  PHINEAS  has  the  ability  (using  Decoste’s  (1989)  me.nsnrtmt^.nt  ’n- 
terpretation  system)  to  translate  a  continuous,  real  valued  measurement  sequence  into  a 
succession  of  equivalent  states  capturing  each  quantity’s  qualitative  value  and  derivative. 
However,  it  does  not  have  the  ability  to  automatically  analyze  the  data  and  identify  the 
appropriate  behavioral  abstractions  (e.g.,  sinusoidal  oscillation).  For  this  reason,  actual 
real-valued  measurement  sequences  are  not  currently  used.  At  some  point  this  should  be 
automated. 

Just  as  important  as  behavioral  abstraction  recognition  is  behavioral  abstraction  devel¬ 
opment.  The  abstractions  used  in  PHINEAS  are  theory  laden  and  greatly  simplify  memory 
indexing.  What  is  needed  is  a  richer  vocabulary  for  describing  behaviors  and  situations. 

Finally,  the  ability  to  change  perspective  on  a  set  of  data  appears  crucial  to  successful 
scientific  explanation.  For  exzunple,  consider  attempting  to  explain  the  moon’s  motion 
around  the  earth.  Different  perspectives  can  lead  to  different  answers.  In  Figure  4.7(a), 
the  moon  is  viewed  from  a  polar  coordinate  system,  which  supports  an  analogy  with  a  ball 
spun  about  on  a  string.  However,  a  cartesian  view  of  the  situation,  with  i  and  y  coordinates 
oscillating  (Figure  4.7(b)),  supports  a  (rather  odd)  analogy  with  a  pair  of  spring  systems.^ 

*1  owe  this  double-spring  possibility  to  John  Collins. 
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Chapter  5 


Mapping  and  Transfer 

Mapping  and  transfer  form  the  center  of  the  ajialogy  process.  Mapping  represents  the 
primary  anedogical  act:  establish  a  complete  set  of  correspondences  and  propose  any  infer¬ 
ences  these  correspondences  sanction.  Transfer  represents  the  first  evaluation  phase  for  the 
results  of  mapping;  attempt  to  transfer  the  inferences  mapping  proposes  into  the  target 
domain.  This  chapter  discusses  these  two  intimately  related  processes.  It  begins  by  fram¬ 
ing  their  respective  roles  in  the  larger  analogy  process  tind  how  they  may  interact.  It  then 
discusses  each,  along  with  a  detailed  example  demonstrating  their  operation. 


5.1  Overview 

The  term  “mapping”  used  in  reference  to  the  correspondence  pheise  of  analogy  has  its 
origins  in  formal  mathematics  emd  may  be  defined  as  follows: 

Definition  5.1  (Analogical  Mapping)  Take  B  to  represent  the  set  of  individual  items 
from  the  base  domain  description  (i.e.,  predicates,  expressions,  and  entities),  and  T  to 
represent  the  set  of  indirndual  items  from  the  target  domain  description.  An  anzdogical 
mapping,  M:  B—*T,  is  a  partial  function  that  associates  elements  of  B  to  elements  ofT.^ 

Thus,  an  analogical  mapping  identifies  a  correspondence  between  some  elements  of 
the  base  domain  description  and  elements  of  the  target  domain  description.  This  aspect  of 
mapping  is  sometimes  called  its  match  component.  The  mapping  may  also  sanction  a  set  of 
candidate  inferences:  base  information  that  may  plausibly  be  applied  to  the  target  domain. 
This  aspect  of  mapping  is  sometimes  called  its  corTj/over  component  (Centner,  1988).  The 

'This  is  equivalent  to  definitions  appearing  in  (Centner,  1983;  Indurkhya,  1987). 
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use  of  the  term  “carryover”  is  perhaps  unfortunate,  for  it  seems  to  imply  that  it  results  in 
actual,  usable  target  inferences.  However,  rather  than  replace  the  term,  I  will  afford  it  a 
more  precise  meaning: 

Definition  5.2  Given  Xg,  set  of  base  information  proposed  as  inferable  for  the  target, 
the  carryover  operation  produces  the  set  of  candidate  inferences  Cl  sanctioned  by  mapping 
by  applying  the  existing  mapping  function  to  Xg: 

CX  =  MiXg) 

Candidate  inferences  are  hypotheses  which  must  pass  a  series  of  evaluative  processes 
before  being  accepted  as  holding  for  the  target  domain.  A  distinction  may  be  made  between 
usable  inferences  and  useful  or  adopted  inferences.  Usable  inferences  are  operational,  that  is, 
they  apply  predicates  in  a  manner  consistent  with  their  intended  semantics,  they  produce 
no  immediate  contradictions,  and  there  are  no  syntactic  holes  (i.e.,  unknown  objects  are 
either  found  or  conjectured).  Useful  or  adopted  inferences  have  been  tested  through  further 
evaluation  or  problem  solving  and  found  to  be  “satisfactory”  under  some  criterion. 

Importantly,  the  set  of  candidate  inferences  proposed  by  mapping  need  not  be  usable. 
Thus,  the  first  stage  in  the  evaluative  processes  is  transfer,  which  attempts  to  form  a  work¬ 
ing  h3rpothesis  from  a  potentially  fragmented  candidate  inference.  Significant  adaptation 
may  be  required  before  a  candidate  inference  represents  usable  target  domain  information. 
First,  since  base  relations  are  being  imported,  allowing  cross-domain  analogies  means  they 
may  apply  predicates  to  objects  or  propositions  other  than  their  conventional  referents. 
Additionally,  the  inferences  may  suggest  facts  that  contradict  what  is  explicitly  known 
about  the  target.  Substitutes  for  such  expressions  must  be  found  or  created.  Second,  these 
inferences  may  also  contain  unknown,  anticipated  objects:  slots  occupied  in  the  baise  rep¬ 
resentation  by  objects  that  had  no  correspondent  in  the  match.  A  corresponding  target 
object  must  be  found,  or  the  existence  of  the  unknown  object  postulated. 

An  overview  of  the  mapping  and  transfer  phases  is  shovm  in  Figure  5.1. 

In  addition  to  base  and  target  descriptions,  the  mapping  box  allows  contextual  knowl¬ 
edge,  if  supplied,  to  influence  its  operation.  Contextual  knowledge  may  include  the  current 
plans  and  goals  of  the  performance  element  or  any  associations  already  established.  These 
associations  may  arise  either  from  teacher  supplied  hints  or  prior  processing,  such  as  access. 

There  may  be  strong  interplay  between  mapping  and  attempts  during  transfer  to  form 
a  coherent  conclusion  from  its  statement  of  correspondence.  This  is  in  part  due  to  the  non¬ 
monotonic  binding  problem  discussed  in  Chapter  2.  In  realistic  memories,  mapping  will 
be  operating  on  a  subset  of  all  that  is  inferrably  known  about  the  base  and  target.  Since 
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Figure  5.1:  Overview  of  the  mapping  and  transfer  phases  of  the  analogy  process. 


a  candidate  inference  is  with  respect  to  the  subset  of  the  base  or  target  being  processed, 
it  need  not  represent  new  knowledge.  Rather,  it  may  indicate  places  where  additional 
knowledge  should  be  retrieved  to  help  complete  the  mapping. 

Transfer  conducts  focused  probes  into  memory  to  seek  more  information  about  places 
where  the  similarity  match  was  incomplete.  If  additional  knowledge  is  found,  transfer  will 
augment  the  existing  base  and  target  descriptions  and  iterate  back  to  mapping,  to  see  if 
the  new  information  will  affect  the  overall  mapping.  Mapping  and  tremsfer  combine  to 
form  a  map  and  analyze  cycle  to  provide  focus  to  the  analogy  process.  Were  everything 
possibly  known  about  the  base  and  target  retrieved  prior  to  mapping,  a  great  deal  of  time 
might  be  spent  on  unconstrained  inferencing.  Conversely,  were  no  match  performed  and 
relevant  base  information  simply  carried  into  the  target,  little  focus  would  be  available 
for  transforming  the  candidate  inference  into  useful  target  information.  By  initiating  the 
match  on  what  appears  to  be  relevant  £rom  immediately  available  information,  transfer 
may  focus  on  seeking  the  specific  information  the  mapping  indicates  is  lacking. 

Typically,  mapping  and  transfer  will  proceed  in  a  simple  sequential  manner.  In  within- 
domain  analogies,  tremsfer  may  provide  little  service  beyond  blessing  the  proposed  infer¬ 
ences  as  usable.  In  cross-domain  analogies,  particularly  when  very  little  is  known  about 
the  target  domain,  transfer  may  require  many  map  and  analyze  cycles. 
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5.2  Contextual  Structure-Mapping 


Due  to  the  importcmce  of  mapping  in  elaborating  the  various  aspects  of  the  analogy  process, 
contextual  structure- mapping  was  discussed  in  Chapter  2.  In  this  chapter,  it  is  placed 
within  PHINEAS’  overall  process  by  way  of  example. 

5.2.1  Example:  Disappearing  Alcohol 

The  second  stage  in  PHINEAS  is  theory  generation:  produce  a  fully  operational  initial  hy¬ 
pothesis  about  the  current  observation  from  an  analogue  retrieved  during  access.  This  has 
two  components,  mapping  and  transfer,  of  which  the  first  will  be  demonstrated  here. 

The  mapping  operation  in  PHINEAS  consists  of  three  steps: 

1.  Determine  base  and  target  representations. 

2.  Declare  sanctioned  pmrings. 

3.  Invoke  SHE. 

Before  mapping  may  commence,  we  must  determine  the  base  and  target  inputs  to 
mapping.  Recall  that  past  reasoning  traces  are  summarized  by  storing  with  each  bseg 
in  an  observation  the  instantiated  collection  of  theories  (process  definitions,  etc.)  that 
were  used  to  explain  it.  The  problem  of  knowing  what  to  map  is  solved  by  retrieving  the 
relevant  domain  theory  which  led  to  prior  understanding  of  the  baise  observation.  If  the 
current  observation  only  matches  a  subset  of  the  bsegs  in  the  old  observation,  only  the 
relevant  theories  for  that  subset  are  used  as  the  base  description.^  The  current  observation 
description  (the  t2Lrget)  consists  solely  of  its  original  scenario  description  (e.g.,  structural 
relationships  and  objects’  properties). 

For  example,  the  previous  chapter  described  how  an  observation  of  alcohol  disappeeiring 
from  an  open  container  triggered  a  reminding  of  four  similar  experiences  in  the  follow¬ 
ing  order:  liquid-diaining-behavior,  boiling-behavior,  dissolve-behavior,  and  2-container-lf. 
Resuming  that  example  with  the  dissolving  amalogue,  we  find  that  the  two  behaviors  fully 
matched,  so  both  dissolving  bsegs  are  relevant.^  The  first  dissolving  bseg,  dissolving, 

^If  PHIIEAS  supported  spatial  decomposition  of  behaviors,  selection  could  be  further  specialised.  Rather 
than  all  information  about  a  temporal  interval,  information  about  specific  behavioral  aspects  of  that 
temporal  interval  could  be  selected. 

’“fully  matched”  means  that  fox  each  bseg  in  the  base  behavior,  there  is  a  unique  bseg  in  the  target 
behavior  that  SHE  found  to  possess  similar  aspects.  Recall  that  due  to  relational  groups,  two  bsegs  need 
not  exhaustively  match  on  all  relations. 
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described  the  disappearance  of  salt!  and  was  explained  by  a  solution  entity  and  an  active 
dissolving  process.  The  second  bseg,  dissolve-stopped,  described  a  state  with  no  salt  left 
in  the  glass  and  dissolving  inactive.  This  explamation  summary  is  represented  using  the 
B-Explains ( theories,  6seg)  form.  Both  base  and  target  representations  for  this  example  are 
shown  in  Figure  5.2.^  Two  types  of  forms  appear  as  elements  of  theories: 

(Process-Definition  process-name  instance-name  (Implies  conditions  effects)) 

(Packet-Definition  header  body) 

The  Packet-Definition  is  used  to  represent  a  packet  of  information  (e.g.,  predicate  schema, 
QP  theory  defEntity).  Objects  for  which  the  packet  header  holds  have  the  properties  listed 
in  the  body  ciscribed  to  them. 

The  second  step  to  theory  mapping  explicitly  declares  the  partial  mapping  determined 
during  access.  Access  established  that  certain  properties  from  the  two  situations  behave 
in  the  same  way,  and  correspondences  between  entities  or  between  their  quantities  (e.g.. 
Pressure  and  Tes^erattire)  were  noted.  Prior  to  invoking  SME,  each  of  these  correspon¬ 
dences  is  declared  as  a  sanctioned  pairing,  requiring  SME’s  match  rules  to  respect  these 
established  pairings.  In  the  disappearing  alcohol  example,  there  are  two:  saltl  maps  to 
alcoholl  and  amount-of  maps  to  amount-of . 

The  final  step  to  theory  mapping  is  the  actual  mapping.  SME  is  given  the  base  and 
target  descriptions  and  the  set  of  sanctioned  pairings.  Additionally,  the  SMEc5m  r\ile  file 
contains  the  provides  relevant  inference  rule,  which  favors  mappings  supporting  the  infer¬ 
ence  B‘Expl9ii]X8(. theories,  target-behavior).  SME’s  output  is  shown  in  Figure  5.3.  The  initial 
explamation  of  the  disappearing  alcohol  observation  appears  in  the  candidate  inferences 
field.  This  model  states  that  there  is  some  process  analogous  to  dissolve  which  is  re¬ 
moving  the  alcohol  at  a  rate  proportional  to  its  surface  area.  Note  that  the  model  is  not 
operational  at  this  stage.  First,  it  contains  the  unknown  (:skolem  saterl),  which  indi¬ 
cates  there  is  no  object  in  the  alcohol  scenario  corresponding  to  satorl  in  the  dissolving 
scenario.^  Additionally,  it  proposes  the  condition  (Solid  alcoholl)  on  the  alcohol,  which 
clearly  is  false.  Evaluation  and  adaptation  is  required  before  the  model  will  be  usable. 

This  example  demonstrates  several  points.  First,  the  mapping  is  composed  almost  en¬ 
tirely  of  candidate  inferences,  since  the  system  had  no  prior  model  of  evaporation.  Hence, 

^The  base  representation  contains  the  expression  (Qprop  quantityi  quantityi).  This  is  QP  theory 
syntax  indicating  thal  quantityi  is  q^ialitatively  proporiic7.ul  U  juantitp].  All  else  being  equal,  quantityi 
increases  when  quantityj  increases  and  decreases  when  quantity2  decreases.  Qprop-  indicates  inversely 
proportional  to. 

*The  other  skolem  objects  appearing  in  the  candidate  inference  are  expected  by  PHIIEAS  and  han¬ 
dled  by  another  mechanism.  For  example,  when  a  new  process  is  being  conjectured,  there  will  not  be  a 
correspondent  for  the  process  name  or  process  instance  name. 
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Base:  Dissolving  explanation 


(B-EXPLIINS 

(SET  (PACKET-DEFIHITIOI  (SOLOTIOI  VATERl) 

(SET  (qUANTlTT  (COICEITRATIOI  VATERl)) 

(QUABTITT  (SATORATIOl-POIIT  VATERl)) 

(lOT  (LESS-THAI  (A  (COICEITRATIOH  VATERl))  ZERO)) 

(KOT  (LESS-THAI  (A  (SATURATIOI-POIIT  VATERl))  ZERO)))) 
(PROCESS-DEFIHITIOI  DISSOLVE  PIl 
(IMPLIES 

(AID  (IIDIVIDtTAL  SALTl  (COIDITIOIS  (SOLID  SALTl)  (SOLUBLE  SALTl))) 
(IIDIVIDOAL  VATERl 

(COIDITIOIS  (SOLOTIOI  VATERl) 

(INMERSED-II  SALTl  VATERl))) 

(SOLUBLE- II  SALTl  VATERl) 

(6REATER-THAI  (A  (AMOUIT-OF  SALTl))  ZERO)) 

(AID  (qUAITITT  (DISSOLVE-RATE  PIl)) 

(qPROP  (DISSOLVE-RATE  PIl)  (SURFACE-AREA  SALTl)) 

(GREATER-THAI  (A  (DISSOLVE-RATE  PIl))  ZERO) 

(CTRIIS  (AMOUIT-OF  SALTl)  (COICEITRATIOI  VATERl) 

(A  (DISSOLVE-RATE  PIl))))))) 

DISSOLVE-BEHAVIOR) 


Target:  Disappearing  alcohol  scenario 


(SUBSTAICE  ALCOHOL) 
(COITAIIED-LiqUID  ALCOHOLl) 
(COITAIIER  BEAKER2) 
(COITAIIER-OF  ALCOHOLl  BEAKER2) 
(SUBSTAICE-OF  ALCOHOLl  ALCOHOL) 
(OPEI  BEAKER2) 

(BEAKER  BEAKER2) 


Figure  5.2:  Base  and  target  representations  in  initial  theory  mapping  of  the  dissolving 
explanation  for  the  disappearing  alcohol  observation. 
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SME  Version  2E 

Analogical  Match  from  DISSOLVE-BEHIVIOR-THEORT  to  OPEH-ALCOHOL-BEHAVIOR-THEORT , 
Rule  File:  ssm. rules 


#  MB’s  I  #  Gmaps  I  1st ,2nd, Worst  I  RelGroups  I 

21  1  I  0.99  /  0.99  /  0.99  I  ACTIVE  I 


Total  R\m  Time:  0  Minutes,  0.S09  Seconds 

BMS  Run  Time:  0  Minutes,  0.032  Seconds 

Best  Gmaps:  -{  1  } 

Gmap  #1:  (SALTl  ALCOHOLl)  (AMOaiT-OF-299  AMO0HT-OF-32O) 

Weight:  0.9920 
Candidate  Inferences: 

(B-EXPLAINS 

(SET  (PACKET-DEFIHITIOI  (SOLOTIOH  (rSKOLEM  WATERl)) 

(SET  (qUAWTITT  (COECEHTRATIOH  (:SK0LEN  WATERl))) 

(qUAHTITT  (SATTJRATIDI-POIMT  (:SKGLEM  WATERl))) 

(HOT  (LESS-THAI  (A  (COICEHTRATIOI  (:SK0LEM  WATERl)))  ZERO)) 
(HOT  (LESS-THAI  (A  (SATORATIOH-POIHT  (:SK0LEM  WATERl))) 
ZSRO)))) 

(PROCESS-OEFIHITIOH  (:SK0LEM  DISSOLVE)  (:SK0LEN  PIl) 

(IMPLIES 

(AID  (IIDIVIDUAL  ALCOHOLl 

(COIDITIOHS  (SOLID  ALCOHOLl)  (SOLUBLE  ALCOHOLl))) 

(IIDIVIDUAL  (:SK0LEM  WATERl) 

(COIDITIOHS  (SOLUTIOI  (:SKOLEN  WATERl)) 

(IMMERSED-II  ALCOHOLl  (:SKOLEN  WATERl)))) 
(SOLUBLE-II  ALCOHOLl  (:SKOLEN  WATERl)) 

(GREATER-THAI  (A  ANOUIT-OF-320)  ZERO)) 

(AID  (qUAITITT  (DISSOLVE-RATE  (:SKOLEM  PIl))) 

(qPROP  (DISSOLVE-RATE  (:SKOL£N  PIl))  (SURFACE-AREA  ALCOHOLl)) 
(GREATER-THAI  (A  (DISSOLVE-RATE  (:SKOLEN  PIl)))  ZERO) 

(CTRAIS  AMOUIT-OF-320  (COICEHTRATIOI  (:SKOLEM  WATERl)) 

(A  (DISSOLVE-RATE  (:SKOLEM  PIl)))))))) 

OPEI-ALCOHOL-BEHAVIOR) 


Figure  5.3:  SMEc^at  output  mapping  dissolving  theories  into  the  disappearing  alcohol  situ¬ 
ation.  An  analogically  inferred  candidate  model  of  the  alcohol  “dissolving”  appears  in  the 
candidate  inference  slot  of  the  gmap. 
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the  model  was  constructed  by  analogy  rather  than  augmented  by  analogy.  This  shows  the 
power  of  SME’s  candidate  inference  mechanism.  Second,  the  entity  and  function  correspon¬ 
dences  provided  by  the  behavioral  similarity  provide  significant  constraint  for  carrying  over 
the  explzination.  SME’s  rule-based  architecture  is  critical  to  this  operation:  the  SMEcsjir  rules 
only  allow  hypotheses  consistent  with  the  specific  entity  and  quantity  correspondences  pre¬ 
viously  established.  Entities  and  quantities  left  without  a  match  after  the  accessing  stage 
are  still  allowed  to  match  other  unmatched  entities  and  quantities. 


5.3  Transfer 

The  evaluative  processes  have  several  bases.  The  first  of  these  is  transfer.  Transfer  is 
concerned  with  importing  candidate  inferences  into  the  target  domain  and  making  them 
operational.  This  centers  around  two  issues:  (1)  ensuring  consistent  expression  use  and  (2) 
resolving  skolem  objects.  Since  creating  new  predicates  and  conjecturing  unknown  objects 
is  undesirable,  effort  is  aimed  at  searching  through  memory  to  find  possible  resolutions 
of  these  points  of  conflict.  Objects  satisfpng  an  unknown’s  stated  conditions  yet  absent 
from  the  original  target  description  may  be  found.  Alternate  beliefs  or  predicates  may 
be  found  as  substitutes  for  inconsistent  expressions,  which  may  in  turn  lead  to  previously 
unconsidered  objects  satisfying  these  alternate  conditions.  If  new  information  is  found, 
mapping  is  repeated  to  see  how  it  affects  the  overall  mapping.  It  could  lead  to  a  new 
mapping  as  opposed  to  an  extension  (c.f.  the  N-M  binding  problem). 

This  section  begins  by  discussing  methods  that  address  specific  aspects  of  the  expression 
consistency  and  skolem  object  issues.  It  then  uses  these  as  primitive  operations  in  describing 
the  transfer  process  as  a  whole  and  how  it  may  interact  with  mapping.  It  concludes  with 
a  continuation  of  the  disappeeiring  alcohol  example  to  demonstrate  the  transfer  procedure. 

5.3.1  Inference  engines  and  abductive  retrieval 

PHINEAS’  domain  knowledge,  beliefs,  and  inferences  rules  are  maintained  using  an  assumption- 
based  truth  maintenance  system  (ATMS)  (de  Kleer,  1986a)  and  an  associated  problem 
solver  (ATRE),  using  the  problem-solver  protocol  described  by  deKleer  (1986b,  1986a).® 
The  ATMS  is  crucial  to  PHINEAS’  operation,  as  it  allows  simultaneous  consideration  of  mul¬ 
tiple,  mutucdly  inconsistent  theories  about  the  world.  In  an  ATMS,  a  context  is  a  set  of 
assumptions  combined  with  the  set  of  all  beliefe  derivable  from  those  assumptions.  When 

®The  ATMS  and  associated  rule  engine,  ATRE,  used  in  PHIHEAS  are  enhanced  versions  of  programs  written 
by  Ken  Forbus  for  his  Building  Problem  Solvers  course. 
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PHINEAS  is  first  initialized,  its  a  priori  domain  knowledge  is  taken  to  be  universally  true. 
When  a  new  theory  is  proposed,  all  of  its  consequents  are  made  dependent  upon  the  as¬ 
sumption  that  the  theory  holds.  Reasoning  about  the  consequences  of  a  particular  theory 
Ti  is  performed  by  reasoning  in  the  context  of  the  assumption  Holds  (?<). 

In  support  of  the  various  transfer  operations,  the  forward  chaining  ATRE  rule  system 
is  paired  with  an  abductive  retriever.  This  is  a  backward  chaining,  breadth-first  prover 
akin  to  the  deductive  retriever  described  in  (Charniak  et  al.,  1980),  with  one  important 
difference.  Abductive  assumptions  are  allowed  when  deductive  reasoning  over  existing 
beliefs  is  insufficient  to  derive  a  specified  request  pattern.  Stated  formally,  the  abductive 
retriever’s  task  given  wff  p  is  to  find  a  substitution  0  associating  all  variables  in  p  to  known 
entities  such  that  there  exists  am  ATMS  context  in  which  (Consistent  p0)  is  believed. 

When  a  new  datum  is  entered  in  the  database,  ATRE  exhaustively  runs  all  rules  made 
executable  by  the  datum’s  presence  in  a  forward  manner.  Thus,  if  a  proposition  is  not 
believed  true  or  false,  its  status  is  not  derivable  from  existing  beliefs.  When  the  abductive 
retriever  is  invoked  on  a  request  pattern,  it  alternates  between  checking  the  belief  status  of 
the  current  goal  node  and  backward  chaining  if  the  status  of  that  goal  node  is  unknown. 
Two  operations  remove  the  apparent  redundancy  with  ATRE.  First,  if  all  subgoal  attempts 
to  show  a  current  goal  fail,  that  goal  is  assumed  true  if  it  is  consistent  to  do  so.  A  goal  may 
only  be  assumed  if  it  is  a  ground  wff  (i.e.,  no  variables).  Logical  consistency  is  constrained 
by  inference  rules,  the  typed  logic,  and  by  closed  world  assumptions  (Reiter,  1978).  For 
example,  aU  spatial  relationships,  such  as  Touching,  are  assumed  to  be  either  known 
or  false.  Second,  if  only  a  subset  of  a  conjunctive  goal’s  elements  may  be  shown,  the 
remaining  conjuncts  are  assumed,  contingent  on  their  joint  consistency  (i.e.,  (Consistent 
Cl  A  ...  A  Cff)  is  true,  where  {Ci  A  ...  A  C/f}  denotes  the  elements  of  a  conjunctive  goal  of 
size  N).  Assumptions,  explanation  dependencies,  and  determination  of  joint  consistency 
are  handled  through  normal  ATMS  operations.  For  exemaple,  given  the  goal  to  show 

P(?z)  A  Q{?x)  A  R{lx) 

with  P{a),  Q{b),  and  R{b)  believed  true,  the  abductive  retriever  would  return  two  possi¬ 
bilities: 


Binding  Assumptions 

1:  (IX.  a)  Q(a)AR(a) 

2:  (IX  .  b)  P(b) 


Such  “assume  if  consistent”  is  clewly  inadequate  as  a  general  theory  of  abduction,  but  it 
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has  proved  adequate  for  PHINEAS  (see  also  (Chtirnialf,  1988)  for  a  similaj  approach).^  A 
depth  bound  (default  4)  is  used  to  limit  rule  chaining  depth.  Monitors  are  used  to  return 
sets  of  answers  one  at  a  time®  and  control  communication  between  goals  and  subgoals 
(they  are  derived  from  Charniak  et  al’s  (1980)  generators).  Coordination  of  conjunctive 
subgoals  to  prevent  the  N-M  binding  problem  is  a  somewhat  complicated  process  astray  of 
the  primary  topic  of  this  thesis.  The  details  are  described  in  Appendix  A. 

5.3.2  Expression  consistency 

Candidate  inferences  represent  base  knowledge  applied  to  target  referents.  However,  vocab¬ 
ulary  that  was  appropriate  for  the  base  may  not  be  appropriate  for  the  target  case,  either 
due  to  semantic  changes  in  crossing  domains  or  alternate  characteristics  of  the  situations. 
Therefore,  each  expression  proposed  as  a  candidate  inference  about  the  target  is  checked  for 
consistency  in  the  target  environment  and  adapted  if  necessary.  Three  operations  support 
this:  show  conaistevry^  retrieve  alternate  expression,  and  create  predicate. 

5. 3. 2.1  Show  consistent 

Semantic  applicability  of  a  predicate  may  be  evaluated  by  testing  if  the  proposed  target  in¬ 
stantiation  is  consistent  with  the  type  constraints  declared  for  its  arguments  (Burstein,  1983) 
However,  sorted  logic  alone  is  insufficient  to  maintain  consistency.  The  new  predicate  in¬ 
stance  may  violate  what  is  known  about  things  described  by  that  predicate.  There  isn’t 
much  that  can  be  said  about  the  single  argument  to  Fluid-Path  except  that  it  must  be  a 
physical  object.  Yet,  we  know  a  solid  metal  bar  should  not  be  considered  a  Fluid-Path,  an 
inference  proposed  if  heat  flowing  through  the  bar  is  explained  via  analogy  to  liquid  flow.  To 
properly  tell  if  the  proposed  instantiation  has  the  requisite  properties,  it  is  necessary  to  test 
the  expression  itself  for  consistency  with  existing  knowledge.  Thus,  the  show- consistent 
operation  uses  three  tests  to  determine  consistency:  (1)  each  argument  is  consistent  with 
the  declared  type  of  the  position  it  appears  in,  (2)  the  proposition  is  not  assumably  false 
by  closed-world  assumption,  and  (3)  the  proposition’s  negation  is  not  provably  true.  The 
show-consistent  operation  is  often  denoted  by  the  goal  to  show 

(Consistent  expression) 

^As  an  aside,  I  would  highly  recommend  temporary  installation  of  such  a  mechanism  into  any  large 
reasoning  system.  Holes  in  one’s  “complete”  domain  theory  become  amusingly  clear  when  wild  assumptions 
start  being  made  based  on  what  the  domain  theory  deems  consistent. 

®If  a  direct  fetch  on  the  database  returns  multiple  possible  instantiations,  these  possibilities  are  returned 
as  a  set  rather  than  one  at  a  time. 
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When  show-consistent  is  given  an  expression  containing  variables,  only  argument 
type  consistency  for  ground  arguments  may  be  determined  (PHINEAS  doesn’t  support  pure 
quantified  reasoning).  The  other  two  consistency  tests  are  not  attempted.  For  example, 
Clmmorsed-in  alcoholl  lx)  is  inconsistent  for  any  instantiation  of  ?z,  since  alcoholl 
occupies  a  slot  Limited  to  solids. 

A  proposed  expression  will  be  called  singularly  consistent  if  it  is  consistent  with  existing 
knowledge  when  considered  in  isolation.®  This  is  distinguished  from  global  consistency, 
which  examines  the  interrelations  of  the  entire  inference  set  and  its  ability  to  provide 
useful  and  coherent  problem  solving  performance.  Global  consistency  is  the  province  of 
post-transfer  evaluation,  and  is  discussed  in  the  next  chapter. 

5. 3. 2. 2  Retrieve  alternate  expression 

Singular  inconsistency  offers  two  options.  A  new  predicate  may  be  created  or  an  alter¬ 
nate  target  correspondent  sought.  Of  course,  the  latter  is  preferable  to  the  former  since 
it  prevents  unconstrained  spawning  of  new  vocabulciry  and  provides  access  to  knowledge 
attached  to  a  known  relation.  Thus,  singular  inconsistency  establishes  the  goal  of  seek¬ 
ing  an  alternate  predicate  that  may  fulfill  the  intent  of  the  original  base  expression  and 
form  an  expression  that  is  either  true  or  consistently  assumable.  This  operation  is  called 
retrieve-alternate-expression  and  has  two  components,  corresponding  to  the  two 
methods  of  mapping  non-identical  predicates:  paired  predicates  are  functionally  analogous 
or  they  represent  a  minimal  ascension  of  the  predicate  hierarchy. 

A  functionally  analogous  expression  is  found  by  determining  why  the  base  expression 
was  present  in  the  base  description  and  searching  for  a  target  expression  that  can  provide 
the  same  service.  The  cache  slot  of  the  base’s  process  description  supplies  the  necessary 
information  by  stating  what  consequent  prerequisites  each  antecedent  satisfies: 

(Satisfies  antecedent  (Prereq  consequent  prerequisite)) 

The  general  prerequisites  the  expression’s  base  correspondent  satisfied  are  retrieved  and 
mapped  to  the  target  by  application  of  the  existing  mapping  function.  Depth-bound, 
exhaustive  backchaining  is  then  used  to  locate  all  known  tairget  propositions  deductively 
supporting  any  of  these  prerequisites.  For  each  one  found,  the  expression 

(Supports  target-proposition  prerequisite) 

®Greiner  (1988)  also  uses  general  consistency  to  test  aptness  of  an  inference,  but  as  a  substitute  for 
mapping  to  select  target  correspondents.  Mapping  consists  of  attempting  to  reinstantiate  a  base  abstraction 
in  the  target  environment,  without  further  reference  to  the  base  instance.  I  prefer  to  attempt  to  use  base 
vocabulary,  as  this  eliminates  a  lot  of  needless  search  if  singularly  consistent  (typical  of  within-domain 
analogies)  and  provides  a  strong  clue  when  searching  for  an  alternative. 
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is  returned.  Additionally,  a  supports  proposition  for  the  original  base  version  of  this  ex- 
pressioa  is  returned. 

If  a  functionally  analogous  expression  cannot  be  found,  then  the  predicate  hierarchy 
is  searched  for  a  nearest  neighbor.  This  is  the  minimal  ascension  operation.  The  ISA 
hierarch’'  is  climbed  until  a  predicate  is  found  ha\'ing  argument  type  constraints  consistent 
with  their  proposed  instantiation. AU  predicates  below  this  point  are  then  examined.  If 
consistent  instantiations  exist  among  these  descendants,  the  following  heuristic  ordering  is 
used  to  select  a  single  candidate  proposition: 

1.  Vhe  proposition  is  true. 

2.  Each  argument  satisfies  the  type  declared  for  its  position  and  the  proposition  is 
consistent. 

3.  Each  argument  is  consistent  with  the  type  declared  for  its  position  and  the  proposition 
is  consistent. 

Within  each  category,  the  predicate  closest  to  the  original  inconsistent  predicate  (in  terms 
of  number  of  nodes  between  them)  is  chosen. 

For  example,  if  (Contained-in  saltl  satar)  is  present  in  a  candidate  inference  about 
dissolving,  the  mapping  component  would  be  able  to  recognize  that  (Dissolved-ir.  saltl 
Hatar)  is  more  appropriate.  Why  would  the  mapper  use  the  base  relation  Contained-in 
if  the  relation  Dissolved-in  is  known?  Even  if  (Dissolved-in  saltl  water)  is  true 
in  the  target  instance,  it  may  have  been  absent  from  the  target  description  given  to  the 
mapper  and  thus  prevented  from  matching.  Alternatively,  the  mapping  component  coidd 
not  have  mapped  Contained-in  to  Dissolved-in  if  the  instantiated  expression  had  never 
been  formed  before. 

5. 3. 2. 3  Create  predicate 

If  a  predicate  cannot  be  mapped  a*:  is,  and  no  suitable  correspondent  can  be  found,  then 
a  new  predicate  is  built  using  the  create-predicate  operation.  The  ISA  hierarchy  is 
climbed  until  a  predicate  is  found  having  argument  type  constraints  consistent  with  their 
proposed  instantiation.  A  new  child  is  then  created  below  this  point  (Burstein,  1985).  The 
new  predicate  inherits  all  of  the  original’s  properties  (e.g.,  commutative,  n-ary,  relational 
group),  with  each  of  the  new  predicate’s  argument  types  either  remaining  the  same  if 
consistent  or  changing  to  a  known  attribute  of  the  argument  occupying  that  position. 

*°The  climb  until  consistent  operation  is  taken  from  Burstein’s  (1985)  method  for  creating  new  predicates. 
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In  Lhe  Ccise  of  Fluid- Path  being  applied  to  a  beat  conducting  metal  bar,  a  nev'  child  of 
the  more  general  Path  predicate  would  be  created  (e.g.,  Path-18). 

5.3.3  Unknown  objects 

When  a  candidate  inference  contciins  slots  occu  ied  by  unknown  objects  {skolem  objects), 
suitable  target  objects  must  be  found  or  their  existence  conjectured.  There  are  four  options: 

1.  General  physical  knowledge.  S'^arch  for  a  known  item  that  may  actually  be  the  item 
in  question.  This  is  a  component  of  the  general  abduction  problem  and  is  dealt  with 
by  the  abductive  retriever. 

2.  Analogous  conditions  Search  for  a  known  item  that  satisfies  constraints  considered 
functionally  analogous  to  those  conjectured  for  the  skolem  object. 

3.  Directed  experimentation.  Experiments  may  be  devised  to  empirically  determine  what 
the  missing  entity  is  (e.g.,  Rajamoney  et  al.,  1985). 

4.  Hypothesize  existence.  The  object’s  existence  may  simply  be  assumed  and  represented 
by  a  skolem  constant.  If  it  is  a  known  type  of  object,  then  a  standard  assumption 
mechanism  eis  used  in  abduction  wiE  suffice.  Otherwise,  the  existence  of  some  new, 
hypothetical  entity  may  be  assumed,  as  was  done  when  ether  was  conjectured  as  a 
medi.'m  for  light  waves. 

The  first  and  leist  options  we  described  in  this  section.  The  second  option  weis  addressed 
above,  under  the  heading  of  alternate  expression  retrieval.  The  third  option  is  briefly 
reviewed  later  in  this  chapter  and  demonstrated  in  (Falkenhainer  &  Rajamoney,  1988). 

5. 3. 3.1  Abductive  retrieve 

The  abductive-retrieve  operation  seeks  known  objects  that  may  consistently  fill  the  role 
of  a  given  skolem  object.  It  begins  by  collecting  all  of  the  conditions  the  skolem  must  satisfy. 
For  transfer  of  proposed  QP  theory  processes,  these  conditioning  relations  are  defined  to  be 
all  propositions  containing  the  skolem  object  and  appearing  as  an  antecedent  in  one  of  the 
proposed  process  definitions.  These  conditions  are  then  passed  to  the  abductive  retriever 
as  a  single  conjunctive  goal.  Since  skolem  objects  are  expressed  as  existentially  quamtified 
variables  during  this  operation,  returned  instantiations  represent  entities  assumably  equal 
to  the  unknown  skolem  object. 
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A  branch  bound  bb  (default  5)  is  used  to  limit  the  number  of  acceptable  possibilities. 
If  more  than  bb  c2Lndidates  are  retrieved,  it  is  assumed  that  not  enough  information  exists 
to  make  a  decision  and  the  skolem  object  remains  unknown. 

abduct ive-retrieve  is  not  applied  to  skolem  tokens  representing  compound  objects. 
These  are  objects  fully  defined  by  their  constituents  and  thus  are  known  when  all  of  their 
constituents  are  known.  For  example,  a  specific  contained  liquid  (e.g.,  (Contained-Liquid 
cll))  is  uniquely  identified  by  a  substance  (e.g.,  (Substance-ol  cll  water)),  in  a  liquid 
state  (e.g.,  (Liquid  cll)),  in  a  particular  container  (e.g.,  (Container-ol  cll  beakerl)). 
If  the  cll  token  were  not  known  for  this  contained  liquid,  a  new  token  would  simply  be 
created. 

5. 3. 3. 2  Create  entity 

If  a  skolem  object  cannot  be  resolved  a  new  entity  token  may  be  created  to  fill  the  role. 
New  entities  are  created  using  create-entity,  which  makes  a  new  entity  token  and  then 
analyzes  the  consistency  of  its  proposed  existence. 

Consistency  for  created  entities  deviates  torn  the  standard  consistency  operation.  First, 
the  new  token  is  substituted  into  the  skolem  object’s  N  conditions  and  the  status  of 

(Consistent  Ci  A  . . .  A  Cff) 

is  determined  a.s  described  above.^^  However,  if  the  conjunction  Ci  A. .  .AC^■  is  inconsistent 
using  the  new  entity  token,  then 

(Vr)-'[Ci(. .  .r  . . .)  A  . . .  A  Cff{. .  .r  . . .)] 

is  true,  where  cdl  instances  of  the  new  entity  are  replaced  by  x.  In  other  words,  no  such 
object  could  possibly  exist  under  current  beliefs.  In  this  case,  we  are  faced  with  the  problem 
of  conjecturing  a  new  kind  of  entity  as  opposed  to  simply  creating  a  new  instance  of  a 
plausible  entity  type.  The  specific  object  conditions  participating  in  the  contradiction  are 
extracted  by  examining  the  data  dependency  network.^*  One  of  these  propositions  is  then 
modified  using  create-predicate  to  resolve  the  contradiction.  A  heuristic  preferential 
ordering  is  used  to  determine  which  proposition  is  selected  for  replacement:  (1)  a  unary 
proposition  having  the  entity  as  its  only  argument  or  (2)  a  proposition  having  the  entity 

“Note  that  the  consistency  of  the  C<  must  be  determined  together  rather  than  individually,  since  each 
atomic  sentence  may  be  consistent  when  considered  individually,  but  may  not  be  consistent  when  considered 
in  conjunction  with  the  other  N  —  I  assumptions.  (Charniak,  1988)  makes  this  point  as  well. 

“In  iTNS  specifics,  the  minimal  set  of  contradictory  assumptions  taken  from  the  union  of  assuming  each 
entity  condition  Ci. 
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as  its  only  skolem  object.  The  third  “choose  one  at  random”  option  is  currently  grounds 
to  fail  the  analogy,  primarily  because  its  repercussions  have  not  been  fully  considered. 

Conjectured  entities  have  a  long  history  in  science  and  are  often  at  the  center  of  contro¬ 
versy  in  a  developing  theory.  For  example,  an  all-pervading  ether  was  long  postulated  to 
provide  a  medium  for  the  flow  of  light  waves  because  other  kinds  of  waves  require  a  medium. 
Consider  explaining  the  temperature  changes  occurring  when  a  hot  brick  is  immersed  in 
cold  water,  by  ajialogy  to  liquid  flow.  If  no  knowledge  of  heat  exists,  am  analogue  to  the 
flowing  liquid  is  proposed  and  given  the  following  conditions: 

(Substance  fliquid)  A  (Liquid  fliquid)  A  (Contained-in  fliquid  brickl) 

Note  that  no  object  could  ever  satisfy  this  conjunction,  given  that  brickl  is  a  non- 
porous  object  (i.e.,  (not  (Porous  brickl))).  create-entity  detects  the  contradiction 

(Liquid  fliquid)  A  (Contained-in  fliquid  brickl)  A  (not  (Porous  brickl))  ± 
amd  conjectures  a  new  entity  having  the  conditions 

(Substance  sk-nater-6)  A  (Sk-phase-1  sk-water-S) 

A  (Contained-in  sk-uater-6  brickl) 

Sk-phase-1  is  a  new  child  predicate  to  Phase,  which  was  the  immediate  parent  to  Liquid 
in  the  predicate  hierarchy. 

5.3.4  The  map  and  analyze  cycle 

The  transfer  taisk  is  to  create  a  set  of  usable  target  hypotheses  from  candidate  inferences 
proposed  by  mapping,  or  reject  the  2malogy  if  this  cannot  be  accomplished.  A  decompo¬ 
sition  of  this  process  appears  in  Figure  5.4.  Transfer  consists  of  two  phases.  The  prvbe 
phase  attempts  to  repair  inadequacies  of  the  candidate  inferences  by  looking  for  alternatives 
within  the  set  of  beliefs  derivable  or  assumable  &om  existing  knowledge.  If  everything  is 
adequate  (all  expressions  are  consistent  and  there  are  no  skolem  objects)  or  can  be  repaired 
with  current  knowledge,  then  the  set  of  candidate  inferences  are  returned  as  operational 
target  hypotheses.  The  resolve  phase  repairs  disclosed  inadequacies  when  the  probe  phase 
fails,  by  going  beyond  existing  knowledge.  This  may  involve  hypothesizing  the  existence  of 
an  unknown  object  or  creating  a  new  predicate. 

Throughout  the  discussion,  I  will  refer  to  the  mapping  and  the  inferences.  However,  the 
transfer  process  has  the  potential  to  branch  (e.g.,  multiple  alternative  fillers  for  a  skolem 
object),  producing  a  set  of  mapping,  inferences  pairs.  The  discussion  has  been  simplified 
by  considering  the  operation  of  a  single  branch. 
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•  Fully  elaborated 
correspondence  set 

•  Usable  target 
inferences 


Figure  5.4:  The  transfer  process 


Transfer  uses  the  set  of  operations  described  in  the  preceding  sections  and  summarized 
in  Table  5.1.  The  algorithm  is  shown  in  Table  5.2.  The  process  starts  when  a  new  mapping 
is  received  and  the  probe  phase  is  entered. 

5. 3. 4.1  Probe  phase 

The  probe  phase  begins  by  examining  each  proposed  fact  in  the  set  of  candidate  inferences. 
Because  of  the  hierarchical  representations  being  used  in  conjunction  with  SHE,  I  should 


Table  5.1:  Summary  of  transfer  operations. 

•  show-consistent  (expression)  =>  (success!  /aiittre} 

•  retrieve-alternate-ezpressionC^P. . .^)  ^  (P' ...) 

•  create-pr«<licat«((P. . .^)  =>  and  P' installed 

•  abductiva-ratriavoC expression)  =>  {(e^ression^i,*4i). .  .(expression^Ar,>lAf)}  j  failure 

•  craata-antity(sA:o/em-o6jec<,  conditions)  ^  entity-token  [conditions' ] 
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Table  5.2:  Transfer  algorithm. 


1.  Probe  phase 

Repeat  Until  no  new  information  can  be  retrieved  or  there  are  no  inconsistent  expressions 
and  no  skolem  objects: 

(a)  Probe  expressions 

For  every  expression  £  €  Cl 

(a)  shov-consistentff) 

(b)  If  not  consistent,  retrieve-alternate-expressionCf) 

( accept  provably  true  alternates  only) 

(b)  Probe  skolems 

For  every  skolem  object  S  €  skolem-objects(CI) 

Let  Cs  =  {£s  I  G  Cl  and  S  €  ^5} 

(a)  abductiva-retrievaf^fC^)) 

(b)  If  retrieval  fails,  for  every  £s  €  Cs 

ratriava-altaTnata-axprassion(£.s) 

(c)  If  (there  exists  an  expression  £  €  Cl  that  is  not  consistent 
or  a  skolem  object  that  caimot  be  identified) 

and  new  information  has  been  foxmd  by  ratriava-altanata-axprassion 
then  invoke  mapping  with  base  and  target  descriptions  augmented  with  the  new  in¬ 
formation. 

2.  Resolve  phase 

If  inconsistent  expressions  or  skolem  objects  still  exist 

(a)  Resolve  expressions 

For  every  expression  £  &  Cl  that  is  not  consistent 

(a)  ratriava-altamata-azprassionCf) 

{^accept  any  alternate  in  preferential  order  (section  5. 3.2.2)) 

(b)  If  retrieval  fsdls,  craata-pradicata(£) 

(b)  Resolve  skolems 

For  every  skolem  object  S  €  skolem-objects(CI) 

Let  Cs  =  {£s  I  Cs  €  Cl  and  S  €  £s} 
craata-antityC^.C^) 

3.  Return  set  of  operational  target  inferences  {Jri- 

where  each  l-pi  represents  a  different  permutation  of  the  set  of  proposed  modifications  to 
Cl. 
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clarify  that  what  is  meant  by  “proposed  fact”  depends  upon  the  representation  specifics, 
but  may  be  identified  as  the  smallest  boolean  expressions  present  in  the  representation.  In 
terms  of  the  predicate  calculus,  these  correspond  to  all  atomic  sentences  in  the  candidate 
inferences.  Thus,  in  each  QP  process  description  proposed 

(Process-definition  name  instance-name 

(Implies  (And  (Individual  name  (Conditions  conditioning-facts)) 

preconditions  and  quantity  conditions 

...) 

(And  effects))) 

the  expressions  to  be  analyzed  are  comprised  of  the  conditions  placed  on  each  individual, 
the  process’  preconditions  and  quantity  conditions,  and  the  process’  consequent  effects. 

During  the  probe  phase,  each  atomic  expression  is  checked  for  consistency  using 
show- consistent.  If  an  expression  is  inconsistent,  an  alternative  expression  is  sought, 
using  retrieve-alternate-expression.  It  first  seeks  functionally  analogous  expressions 
that  are  currently  believed.  If  none  are  found,  alternate  expressions  are  sought  via  minimad 
ascension,  and  only  those  currently  believed  axe  accepted  (recall  that  minimal  ascension 
may  return  alternates  that  are  merely  consistent  with  what  is  known).  Any  alternative, 
believed  expressions  found  are  collected  and  later  used  to  augment  the  current  base  and 
target  descriptions. 

The  probe  phase  next  examines  each  skolem  object  present  in  the  candidate  inferences, 
abductive-retrieve  is  used  to  seek  known  objects  that  may  be  consistently  substituted 
for  the  unknown  object.  If  retrieval  fails,  then  retrieve-alternate-expression  is  applied 
to  each  of  the  skolem’s  proposed  conditions.  This  addresses  an  important  component  of 
the  correspondence  problem:  how  can  a  target  correspondent  for  a  base  object  be  found 
given  only  the  base  object’s  stated  conditions?^®  Unless  these  conditions  have  been  fully 
mapped,  there  may  be  no  target  correspondent  to  satisfy  them.  This  is  especially  true 
of  cross-domain  analogies,  in  which  an  analogous  pair  of  objects  may  have  no  identical 
characteristics  in  common. 

If  all  expressions  are  consistent  and  there  are  no  unknown  skolem  objects  remaining, 
transfer  is  successfully  completed.  The  potentially  modified  candidate  inferences  are  now 
considered  operational  for  the  target  domain  (recall  there  may  be  branching  at  this  point, 

^^Pievioos  analogy  systems  have  failed  to  address  this  problem.  They  either  create  a  new  token  and 
assume  the  proposed  conditions  for  it  (Winston,  1982),  work  on  constrained  within-domain  analogies  that 
eliminate  the  problem  (Carbonell,  1983a',  Kedar-Cabelli,  1988),  or  don’t  examine  the  possibility  of  skolem 
objects  produced  by  mapping  (Burstein,  1983;  Greiner,  1988). 
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producing  a  set  of  alternate  target  hypotheses).  When  this  is  not  accomplished,  there  are 
two  options.  If  new  information  was  retrieved,  transfer  returns  to  the  mapping  stage,  using 
base  and  target  descriptions  augmented  with  the  additional  information.^^  This  may  lead 
to  an  augmented  or  alternate  mapping  and  possibly  new  points  of  discrepancy  on  which  to 
focus  the  transfer  process.  Otherwise,  transfer  proceeds  to  the  resolve  phase. 

5. 3. 4. 2  Resolve  phase 

Intuitively,  the  resolve  phase  corresponds  to  abcindoning  attempts  at  using  existing  knowl¬ 
edge  to  resolve  candidate  inference  inadequacies.  It  begins  by  reconsidering  any  remaining 
inconsistent  expressions,  retrieve-altemate-expression  is  used  to  seek  a  consistent 
alternate  predicate.  Only  the  minimcJ  ascension  component  applies  at  this  point,  since 
functionally  anzdogous  alternatives  would  have  been  found  during  probing.  Unlike  the 
probe  phase,  the  resolve  phase  accepts  any  alternative  predicate  suggested,  using  the  three 
preferential  orderings  described  in  section  5.3.2.2.  If  there  are  no  consistent  alternate  pred¬ 
icates  found,  creat e-predicate  is  used  to  create  a  new  expression. 

The  resolve  phaise  completes  with  all  remaining  skolem  objects  replaced  by  new  ob¬ 
ject  tokens,  using  create-entity.  Transfer  ends  with  the  resulting  set  of  usable  target 
inferences. 

5.3.5  Making  necessary  assumptions 

A  “candidate  inference”  may  be  any  number  of  things.  Importantly,  it  need  not  be  a 
simple  answer.  It  will  often  represent  an  entire  line  of  reasoning,  either  in  the  form  of  a 
compiled  schema  or  model,  an  entire  proof  trace,  or  a  complete  planning  or  design  sequence. 
For  these  to  be  useful  to  the  performance  element,  the  assumptions  upon  which  they  rest 
(e.g.,  preconditions  or  premises)  must  explicitly  be  assumed  as  true  and  the  analogical 
relationship  stated  as  the  basis  for  the  assumption.  This  is  a  phase  of  operation  not  seen 
in  other  analogy  systems.^®  Yet,  it  is  a  vital  component  of  any  complex  reasoning  task. 

In  PHINEAS,  each  candidate  theory  T  about  the  current  observation  is  associated  with 
two  nodes,  (B«li«v«  T)  and  (Holds  T)  (see  Figure  5.5).  This  results  in  dependencies 
emanating  &om  T  in  opposite  directions.  (Bolievo  T)  is  supported  by  those  assumptions 
upon  which  T  depends,  which  are  all  the  assumptions  made  in  the  course  of  deriving  T  (e.g., 

the  current  implementation,  only  one  repetition  of  mapping  is  supported.  This  is  due  to  time 
constraints  on  program  development,  rather  them  a  serious  technical  problem.  It  has  been  sufficient  for  all 
examples  examined  to  date. 

^^(Burstein,  1985)  may  be  considered  an  exception,  as  a  record  of  past  mappings  is  maintained. 
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Figure  5.5:  Prototypical  justification  lattice  used  in  PHINEAS  to  support  analogical  reason¬ 
ing.  Ti  represents  a  proposed  theory  about  an  observed  behavior  history  "Hj.  A  theory  may 
be  composed  of  process  definitions  Pi  and  entity  definitions  Ei. 


the  behavioral  analogy,  additional  modifications  made  during  transfer,  or  prior  theories  of 
which  T  is  a  revision).  (Holds  T),  on  the  other  hand,  is  an  assumption  upon  which  all 
components  and  consequences  of  T  depend. 

5.3.6  Example:  Disappearing  Alcohol 

Figure  5.6  repeats  the  candidate  inference  proposed  by  mapping  dissolving  into  the  disap¬ 
pearing  alcohol  situation.  As  previously  noted,  there  are  a  number  of  problems  with  the 
inference  as  it  stands.  Entering  the  probe  phase  of  transfer,  the  first  task  is  to  examine  the 
consistency  of  each  proposed  expression.  The  following  are  found  to  be  inconsistent: 

(Solid  alcoholl)  Alcohol  is  known  to  be  a  liquid,  which  contradicts  the  taxonomy  that 
something  can  only  be  one  of  {solid,  liquid,  gas}  at  a  time. 

(Soluble  alcoholl)  The  argument  to  Soluble  must  be  a  solid. 

(Immersed-in  alcoholl  (:8koleitt  waterl))  The  first  argument  to  Innnersed-in  must 
be  a  solid. 

(Soluble-in  alcoholl  (:skoleni  waterl))  The  first  argument  to  Soluble-in  must  be 
a  solid. 

Applying  retrieve-altemate-expression  on  each  of  these  produces  the  following 
augments  to  the  existing  target  description: 
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(B-EXPLAIIS 

(SET  (PACKET-DEFIIITIOI  (SOLUTIOH  (:SKOLEM  VATERl)) 

(SET  (QDAITITT  (COICEITRATIOI  (:SKOLEM  WATERl))) 

(QDAITITT  (SATORATIOI-POIIT  (rSKOLEM  WATEBl))) 

(HOT  (LESS-THAH  (A  (COICEITRATIOI  (sSKOLEM  VATERl)))  ZERO)) 

(lOT  (LESS-THAI  (A  (SATORATIOI-POIIT  (:SKOLEM  VATERl)))  ZERO)))) 
(PROCESS-DEFIIITIOI  (iSKOLEM  DISSOLVE)  (:SKOLEM  PIl) 

(IMPLIES 

(AID  (IIDI7IDUAL  ALCOHOLl 

(COIDITIOIS  (SOLID  ALCOHOLl)  (SOLUBLE  ALCOHOLl))) 
(IIDITIDOAL  (:SKOL£M  VATERl) 

(COIDITIOIS  (SOLOTIOI  (:SKOLEN  VATERl)) 

(IMMERSED-II  ALCOHOLl  (:SKOLEM  VATERl)))) 
(SOLUBLE-II  ALCOHOLl  (:SXOLEM  VATERl)) 

(GREATER-THAI  (A  (AMOUIT-OF  ALCOHOLl))  ZERO)) 

(AID  (qUAITITT  (DISSOLVE-RATE  (:SKOLEM  PIl))) 

(qPROP  (DISSOLVE-RATE  (:SXOLEM  PIl))  (SURFACE- AREA  ALCOHOLl)) 
(GREATER-THAI  (A  (DISSOLVE-RATE  (:SKOLEM  PIl)))  ZERO) 

(CTRAIS  AMOUIT-OF-3268  (COICEITRATIOI  (:SROLEM  VATERl)) 

(A  (DISSOLVE-RATE  (tSXOLEN  PIl)))))))) 

OPEI-ALCOHOL-BEHAVIOR) 


Figure  5.6:  Candidate  inference  proposed  by  mapping  dissolving  into  the  disappearing 
alcohol  situation. 


(Liquid  alcoholl) 

(Supports  (Touching  alcoholl  atmospharo) 

(Physical-Path  alcoholl  atmosphare  (cosmon-laca  alcoholl  atmosphara))) 

(Supports  (Opan  baalcar2) 

(Physical-Path  alcoholl  atmosphara  (common-faca  alcoholl  atmosphara))) 

The  first  expression  is  suggested  as  an  alternative  for  (Solid  alcoholl).  The  other 
two  are  alternatives  for  (Zmmarsad-in  alcoholl  (:skolam  satarl)).  All  three  of  these 
facts  were  absent  from  the  original  target  description  given  SHE,  but  are  derivable  from 
it.  For  example,  (Touching  alcoholl  atmosphara)  follows  from  a  contained  liquid  in  a 
container  that  is  open.  (Opan  baahar2)  is  the  only  expression  appearing  in  the  original 
target  description,  but  its  relevant  function  was  not  present. 

The  latter  two  target  augments  lead  to  the  following  base  augment 

(Supports  (Immarsad-In  saltl  vatarl) 

(Physical-Path  saltl  satarl  (common-faca  sadtl  satarl))) 
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The  second  task  of  the  probe  phase  is  to  seek  known  objects  that  may  be  substituted 
for  the  skolem  objects  present  in  the  candidate  inference.  In  this  case  there  is  only  one, 

( :  skolem  vaterl),  which  indicates  there  was  no  target  correspondent  for  saterl,  the  liquid 
into  which  saltl  was  dissolving,  abductive-retrieve  is  invoked  on  the  conjunction^® 

(Soluble-In  alcoholl  ?uaterl)  A  (Solution  ?aaterl) 

A  (Immersed- In  alcoholl  ?Baterl) 

which  fails  to  find  any  instaintiations  for  which  the  conjunction  may  be  assumed. 

At  this  point,  the  probe  phase  is  completed.  It  failed  to  operationalize  the  candidate 
inference,  but  successfiiUy  retrieved  additional  relevant  information  about  the  target.  The 
target  and  base  are  augmented  with  the  expressions  shown  above  and  mapping  is  repeated, 
which  produces 

(B-Explains 

(Sat  (Packet-Dalinition  (Solution  atmosphere) 

(Set  (Quantity  (Concentration  atmosphere)) 

(Quantity  (Saturation-Point  atmosphere)) 

(lot  (Less-than  (i  (Concentration  atmosphere))  zero)) 

(lot  (Less-than  (A  (Saturation-Point  atmosphere))  zero)))) 
(Process-Definition  (: skolem  dissolve)  (: skolem  pil) 

(Implies 

(And  (Individual  alcoholl 

(Conditions  (Liquid  alcoholl)  (Soluble  alcoholl))) 

(Individual  atmosphere 

(Conditions  (Solution  atmosphere) 

(Touching  alcoholl  atmosphere))) 

(Soluble-in  alcoholl  atmosphere) 

(Greater-than  (A  (amount-of  alcoholl))  zero)) 

(And  (Quantity  (dissolve-rate  (tskolem  pil))) 

(Qprop  (dissolve-rate  (:skolem  pil))  (surface-area  alcoholl)) 
(Greater-Than  (A  (dissolve-rate  (: skolem  pil)))  zero) 

(I-  (amount-of  alcoholl)  (A  (dissolve-rate  (: skolem  pil)))) 

(I>  (concentration  atmosphere)  (A  (dissolve-rate  (: skolem  pil)))))))) 
open- alcohol-behavior ) 

This  second  mapping  is  much  more  complete.  Importantly,  the  object  atmosphere 
hzis  been  introduced  as  a  consideration  in  the  target  vocabulary,  leading  to  the  complete 
absence  of  skolem  objects. 


simple  efficiency  improvement  on  the  current  implementation  should  become  obvious  at  this  point. 
PHIIEAS  doesn’t  know  that  it  already  determined  that  (Imnersed-ln  alcoholl  Tvaterl)  is  inconsistent 
in  isolation. 

^^Recall  that  the  skolems  (:8kol«m  dissolve)  and  (:skolem  pil)  are  treated  specially  by  PHINEAS. 
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Repeating  the  probe  phase  of  transfer,  the  following  expressions  are  now  found  to  be 
inconsistent: 

(Solution  atmosphere)  The  argument  to  Solution  must  be  a  liquid,  while  atmosphere 
is  a  gas. 

(Soluble  alcoholl)  The  argument  to  Soluble  must  be  a  solid.  This  was  discovered 
during  the  previous  probe  session  as  well. 

(Soluble-in  alcoholl  atmosphere)  The  first  argument  to  Soluble-in  must  be  a  solid. 
This  was  discovered  during  the  previous  probe  session  as  well. 

When  retrieve-altemate-expression  is  applied  to  each  of  these  expressions,  no 
alternatives  are  found.  In  the  case  of  (Solution  atmosphere),  this  indicates  PHINEAS’  lack 
of  domain  theory  about  general  mixtures. 

At  this  point,  the  probe  phase  is  completed.  However,  tinlike  the  first  probe  phase,  it  has 
failed  to  operationalize  the  candidate  inference  and  failed  to  retrieve  additional  information 
about  the  target.  As  a  result,  the  resolve  phsise  begins.  There  are  no  skolem  objects  to 
resolve,  so  the  only  teisk  is  to  create  new  expressions  for  the  three  contradictory  ones  shown 
above.  The  following  translations  are  made: 

(Solution-8  atmosphere) 

(SK-Soluble-4-1  alcoholl) 

(SK-Soluble-in-4-1  alcoholl  atmosphere) 

These  postulate  that  the  atmosphere  is  analogous  to  a  liquid  solution  and  that  alcoholl  is 
‘^soluble  in”  the  atmosphere  similar  to  the  way  salt  is  soluble  in  water.  The  fined  transferred 
hypothesis,  translated  to  pure  QP  theory  syntax  is  shown  in  Figure  5.7.  While  usable,  there 
is  no  guareintee  it  will  fully  and  consistently  explain  the  observed  behavior.  Verifying  that 
is  the  topic  of  the  next  chapter. 

5.3.7  Interactive,  empirical  transfer 

V 

In  complicated  analogies,  the  transfer  process  will  motivate  a  number  of  questions  that 
are  very  difficult  to  answer  from  a  passive,  logical  analysis.  Is  condition  Ci  in  the  theory 
necessary  in  this  case  to  bring  about  the  observation?  Is  this  object  not  mentioned  in 
the  original  observation  description  present?  (Falkenhainer  &  Rajamoney,  1988)  presents 
a  protocol  for  just  this  type  of  empirical  question  answering.  In  that  work,  PHINEAS  was 
merged  with  Rajamoney’s  (1988a)  experimentation  system  (ADEPT).  This  provided  PHINEAS 
with  a  means  to  obtain  empirical  answers  to  the  various  questions  that  arise  during  the 


107 


(DEFPROCESS  (PROCESS-4  ?V-10  ?V-11) 

IIDIVIDUALS  ((?V-10  rCOIDITIOIS  (LIQUID  ?V-10)  (SK-SOLDBLE-4-1  ?V-10)) 

(?V-11  :COIDITIOIS  (SOLUTIOI-8  ?V-11)  (TOUCHIIG  ?V-10  ?V-11))) 
PRECOIDITIOIS  ((SK-SOLUBLE-II-4-1  ?V-10  ?V-11)) 

QUIITITYCOIDITIOIS  ((GREATER-THII  (1  (AMOUIT-OF  ?V-10))  ZERO)) 

RELITIOIS  ((QUAITITY  (DISSOLVE-RATE  ?SELF)) 

(QPROP  (DISSOLVE-RATE  ?SELF)  (SURFACE-AREA  ?V-10)) 

(GREATER-THAl  (A  (DISSOLVE-RATE  ?SELF))  ZERO)) 

IIFLUEICES  ((CTRAIS  (AMOUIT-OF  ?V-10)  (COICEITRATIOI  ?V-11) 

(A  (DISSOLVE-RATE  ?SELF))))) 


(DEFEITITT  (SOLUTIOI-8  ?V-12) 

(QUAITirr  (COICEITRATIOI  ?V-12)) 

(QUAITITT  (SATURATIOI-POIIT  ?V-12)) 

(lOT  (LESS-THAI  (A  (COICEITRATIOI  ?V-12))  ZERO)) 

(lOT  (LESS-THAI  (A  (SATURATIOI-POIIT  TV-12))  ZERO))) 

(ASSUME  (SOLUTIOI-8  ATMOSPHERE)) 

(ASSUME  (SK-SOLUBLE-4-1  ALCOHOLl)) 

(ASSUME  (SK-SOLUBLE-II-4-i  ALCOHOLl  ATMOSPHERE)) 


Figure  5.7:  Transferred  explanation  for  the  disappearing  alcohol  observation  by  anadogy  to 
dissolving. 
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normal  course  of  analogical  theory  development.  It  provided  ADEPT  with  a  means  to  obtain¬ 
ing  a  restricted  number  of  ordered  hypotheses  and  focused,  theoretic  ally  motivated  queries 
about  the  world. 

For  example,  consider  how  the  disappearing  alcohol  observation  may  be  explained  by 
analogy  to  boiling.  When  PHINEAS  is  operating  in  isolation,  it  must  assume  the  presence 
of  an  ideal  heat  source  (e.g.,  stove)  and  alcohol  gas.  When  coupled  with  ADEPT,  PHINEAS 
is  able  to  ask 

(Present?  Tsteaml  ((Contained-Gas  Tsteasd.) 

(Container-of  Tsteaal  bealcer2) 

(Substance-ol  Tsteaal  alcoboll))) 

which  ADEPT  answers  positively  by  asking  that  litmus  paper  be  placed  in  contact  with  the 
air  in  beeLker2  and  noting  its  change  in  color.  Additionally,  PHINEAS  is  now  able  to  ask 
if  the  heat  flow  process  is  necesseiry  for  the  observation  to  occur.  When  ADEPT  repeats 
the  observation  using  a  thermally  isolated  container  (through  instructions  to  a  human 
assistant),  the  alcohol  continues  to  disappear.  This  leads  to  a  new  evaporation  process  by 
analogy  to  boiling  which  does  not  require  heat  flow,  something  PHINEAS  cannot  propose 
when  operating  in  isolation. 
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Chapter  6 

Verification-Based  Analogical 
Learning 


The  preceding  chapters  described  methods  for  generating  explanatory  hypotheses  by  anal¬ 
ogy.  However,  a  good  analogizer  doesn’t  simply  stop  with  the  statement  of  an  analogy. 
How  these  hypotheses  are  evaluated  and  ultimately  used  is  just  as  important  as  how  they 
are  generated.  Are  the  proposed  inferences  correct,  likely  to  be  correct,  or  consistent?  Do 
they  provide  a  solution  for  the  task  at  hand?  The  analogy  must  be  evaluated  for  consis¬ 
tency  and  coverage.  Interaction  with  other  beliefs  must  be  checked.  Indeed,  the  h3rpothesis 
must  be  tested  to  be  sure  it  predicts  the  very  observation  it  was  intended  to  explzun. 

Nevertheless,  the  problem  of  evaluating  an  analogy’s  validity  and  using  it  in  a  com¬ 
plex  reasoning  task  has  received  little  attention.  Most  models  avoid  the  issue  by  ei¬ 
ther  stopping  once  inferences  are  produced  (Holyoak  &  Thagard,  1988b;  Kass  et  al.,  1986; 
Indurkhya,  1987)  or  requiring  that  analogy  produce  d-sound  inferences  in  which  the  results 
could  have  been  achieved  (more  slowly)  without  the  analogy  (Kling,  1971;  Carbonell,  1983a; 
Kedar-Cabelli,  1985b).  The  validity  problem  is  central  to  robust  analogical  processing.  In 
particular,  if  i-sound  inferences  are  to  be  allowed,  they  must  undergo  a  series  of  evaluative 
processes.  This  is  reflected  in  the  following  requirement: 

•  Verification  requirement:  When  possible,  the  results  of  analogy  must  be  tested 
empirically  and  against  other  knowledge. 

In  analogical  reasoning,  the  verification  requirement  is  automatically  satisfied  as  a  nat¬ 
ural  side-effect  of  achieving  the  goals  of  the  problem  solver  (i.e.,  backtracking  may  occur  at 
points  of  inaccuracies).  The  verification  requirement  establishes  a  similar  set  of  goals  for  an 
analogical  learning  system  -  the  goal  of  improving  the  believed  accuracy  of  its  knowledge. 
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Verification-based  analogical  learning  (VBAL)  is  designed  specificadly  to  address  this 
requirement.  It  depicts  ^Lnalog;icaI  learning  as  £in  iterative  process  of  hypothesis  forma¬ 
tion,  verification,  and  revision,  centered  around  the  requirement  to  confirm  accuracy  and 
increase  the  likelyhood  of  being  correct.  VBAL  relies  on  analogical  inference  to  propose 
explanations  aud  gedanken  experiments  in  the  form  of  qualitative  simulation  to  analyze 
their  validity.  Specifically,  the  predictions  of  a  new  model  are  compared  against  observeu 
behavior,  enabling  the  system  to  test  the  validity  of  the  analogy  and  s^Lnction  refinements 
where  the  analogy  is  incorrect. 

VBAL  may  be  illustrated  with  the  following  scenario.  When  two  bodies,  one  hot  and  one 
cold,  are  placed  in  contact  with  each  other,  they  will  eventually  reach  the  saime  temperature. 
If  the  notion  of  water  flow  suggests  itself,  we  may  construct  a  model  for  the  situation  in 
which  a  heat  fluid  is  seen  “flowing”  from  a  higher  temperature  to  a  lower  temperature. 
Using  this  new  model  shows  that  it  accurately  explains  the  phenomenon.  This  is  called 
verifying  the  initial  adequacy  of  the  model.  The  new  theory  now  predicts  that  certain  other 
events  must  be  possible  for  the  given  physical  configuration,  such  as  the  bidirectionality 
of  heat  flow.  We  attempt  to  recoUect  a  prior  experience  demonstrating  this  predicted 
behavior  or  we  conduct  simple  experiments  to  explore  the  space  of  hypothesized  behaviors 
for  the  given  objects.  This  is  called  verifying  the  local  predictions  of  the  model.  If  we 
were  to  explore  the  consequences  of  the  analogy  beyond  the  current  situation,  a  number 
of  additional  predictions  may  be  made  based  upon  the  intrinsic  properties  of  liqmds  and 
physical  objects.  For  example,  conservation  of  matter  would  lead  to  predictions  based 
on  conservation  of  heat.  Exploring  the  consequences  of  these  additional  predictions  is 
called  verifying  the  extended  predictions  of  the  analogy.  This  cycle  of  hypothesis  formation, 
confirmation,  refutation,  and  subsequent  refinement  is  the  essence  of  verification-based 
analogical  learning.  Its  focal  point  is  a  view  of  analogical  inference  as  a  means  to  propose 
am  initial  model  of  a  domain  that  may  need  adjustment. 

The  consistency  of  a  proposed  model  may  be  verified  in  two  ways.  First,  the  model  may 
be  formally  analyzed  and  proven  consistent  both  internally  and  with  respect  to  existing 
knowledge.  Second,  the  model  can  be  used  in  some  performance  task  and  any  resulting 
inconsistencies  sought.  The  first  is  preferable  for  obvious  contradictions  arising  &om  simple 
lookups  of  atomic  sentences,  as  is  done  durng  tremsfer.  However,  for  all  bui.  the  most 
trivial  theories,  determining  absolute  consistency  is  undecidable  (Boolos  &  Jeffrey,  1974). 
Hence,  an  approximate  form  of  consistency  verification  is  necessary.^  VBAL  is  a  proposal 
for  performance  as  a  basis  for  analyzing  the  global  consistency  of  a  hypothesized  model. 

^Indutkhys  (1987)  and  Greiner  (1988)  use  finite  complexity  bounds  to  form  an  approximate  definition 
of  consistency. 
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Unless  obvious  contradictions  are  detected,  the  system  should  test  the  model  against  a 
S'  uple  of  situations,  including  the  current  one. 

In  terms  of  physical  models,  such  simulation-oriented  testing  corresponds  to  the  idea  of 
a  gedankev?  or  “thought”  experiment.  A  complete  gedanken  amalysis  consists  of  taking  a 
general  theory,  or  set  of  premises,  and  imagining  cirtiflcial  scencirios  to  see  what  the  theory 
has  to  say  about  each  scenario.  When  it  conflicts  with  prior  conceptions  or  when  we  reach 
mutually  incompatible  conclusions,  we  have  a  setting  for  learning.  Simulation  is  needed  to 
tease  apart  implicit  inconsistencies  of  belief  that  are  difficult,  if  not  impossible,  to  detect 
from  an  analysis  of  a  model  in  isolation.  Only  until  we  try  to  use  a  model,  with  all  of  its 
potential  interaction  with  prior  beliefs,  do  we  expose  inconsistencies. 

This  chapter  describes  the  use  of  one  particular  type  of  gedanken  experiment  -  quali¬ 
tative  simulation.  It  begins  by  reviewing  the  processes  of  qualitative  reasoning  and  mea¬ 
surement  interpretation,  which  generate  the  predictions  of  given  model  and  compare  those 
predictions  to  observation.  The  acceptance  criteria  used  in  model  evaluation  are  then  de¬ 
scribed,  followed  by  examples  demonstrating  the  different  roles  of  qualitative  simulation  as 
an  evaluative  method.  Finally,  methods  for  examining  the  locad  and  extended  predictions 
of  an  analogy  through  both  simulation  and  empirical  experimentation  are  proposed. 


6.1  Qualitative  Reasoning 

One  of  the  goals  of  qualitative  reasoning  research  is  to  formalize  the  tacit  rules  people 
use  to  mentally  simulate  the  behavior  of  a  system  through  time  (Bobrow,  1985).  When  a 
qualitative  model  has  been  constructed,  an  analysis  of  the  model  by  the  reasoner  produces 
an  envisionment  -  a  description  of  the  possible  behaviors  for  the  current  physical  configu¬ 
ration.  The  behavior  of  the  system  through  time  may  then  be  represented  as  a  single  path 
through  the  envisionment.  The  system  is  able  to  provide  an  explanation  for  the  observa¬ 
tions  and  verify  the  model’s  consistency  if  a  path  through  the  envisionment  formed  from 
the  model  can  be  found  that  corresponds  to  the  measurements. 

In  terms  of  envisioning,  a  given  model  may  produce  two  classes  of  predictions: 

•  Scenario  Predictions:  Those  behaviors  predicted  from  the  model  applied  to  the  cur¬ 
rent  physical  configuration  (i.e.,  the  observed  set  of  objects  and  the  structural  rela¬ 
tionships  between  them).  A  total  envisionment  for  the  current  situation  will  generate 
all  possible  behaviors.  An  attainable  envisionment  will  generate  the  subset  reachable 

^German  word  for  thought  As  far  as  I  can  determine,  the  phrase  “gedanken  experiment”  was  popularized 
due  to  Einstein's  masterful  use  of  the  technique,  although  the  technique  itself  dates  back  to  at  least  Galileo. 
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Figure  6.1:  Qualitative  simulation. 


from  some  specified  starting  state,  whicli  in  this  case  would  be  the  initial  state  of  the 
observation. 

•  Extended  Predictions:  Those  behaviors  describable  from  the  same  model  applied  to 
new  configurations  of  objects. 

In  these  terms,  adequacy  verification  succeeds  when  a  path  through  the  model’s  scenario 
predictions  can  be  found  which  corresponds  to  the  observed  behavior.  Local  prediction 
verification  consists  of  confirming  the  possibility  of  the  alternate  scenario  predictions,  either 
exhaustively  or  heuristicaUy  (Section  6.4).  Verifying  the  extended  predictions  of  the  analogy 
involves  exploration  of  the  derived  model’s  impact  on  the  system’s  total  beliefs  through  a 
select  set  of  extended  predictions.  Of  course,  extended  verification  is  potentially  unbounded 
and  implementing  it  would  require  a  specification  of  what  predictions  to  explore. 

PHIIIEAS  uses  Forbus’  (1986b)  qualitative  process  engine  (QPE)  to  produce  ^ln  envision- 
ment  for  an  analogically  proposed  model  applied  to  the  given  physical  configuration.  For 
example,  Figure  6.1(a)  shows  a  beaker  connected  to  a  vial  and  the  observed  liquid  flow  be¬ 
havior  for  this  configuration.  Figure  6.1(b)  shows  a  liquid  flow  process  description  and  the 
scenario  predictions  it  produces  for  the  beaker-vial  configuration.  The  darkened  two-state 
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path  indicates  where  the  liquid  flow  model  consistently  explains  the  observed  behavior. 
Initially,  the  beaker  pressure  is  greater  than  the  vial  pressure,  and  liquid  is  flowing  from 
the  beaker  to  the  vial.  Eventually,  a  new  state  is  reached  in  which  their  pressures  are  equal 
and  flow  has  stopped.  However,  the  model  makes  additional  scenario  predictions.  If  the 
vial  had  started  out  with  a  higher  pressure  than  the  beaker,  liquid  should  flow  the  other 
way  Consider  how  a  unidirectional  valve  in  the  pipe  would  effect  the  validity  of  this  predic¬ 
tion.  The  scenario  predictions  of  Figure  6.1(b)  only  envision  behaviors  for  two  containers 
attached  by  a  liquid  path.  Extended  predictions  might  include  the  expected  behavior  of 
three  containers  connected  in  series.  The  liquid  flow  model  might  be  extended  even  further 
to  consider  its  consequences  for  situations  like  siphon  or  faucet  flow. 

6.1.1  Measurement  Interpretation 

Central  to  analyzing  the  consistency  of  a  model  through  qualitative  simulation  is  the  process 
of  comparing  its  predictions  to  observation  and  identifying  points  of  discrepancy.  This  is  the 
measurement  interpretation  problem.  Measurement  interpretation  is  the  process  of  finding 
the  best,  temporal  preserving  mapping  between  an  observed  behavior  and  a  corresponding 
set  of  envisioned  states  (Forbus,  1986a;  DeCoste,  1989).  This  correspondence  represents 
an  interpretation  of  the  behavior  by  associating  it  to  specific  predictions  of  a  model.  It 
may  be  distingtiished  from  the  general  interpretation  or  explanation  problem  in  two  ways. 
First,  measurement  interpretation  will  assume  all  potentially  relevant  theories  were  used 
in  producing  the  scenario  envisionment.  Second,  measurement  interpretation  addresses  the 
problems  of  data  sinalysis  smd  real  time  processing.  Mapping  a  continuous  process  to  an 
internal  discretization  can  be  a  dynamic  process,  dependent  upon  where  gaps,  noise,  faulty 
sensors,  etc.  are  believed  to  exist  at  any  given  point  in  the  measurement  sequence.  For 
PHINEAS,  perfect  data  is  assumed  (i.e.,  no  noise  or  faulty  sensors).  The  task  itself,  and 
resolution  of  the  corresponding  control  issues,  is  performed  by  Decoste’s  dynamic  across- 
time  measurement  interpretation  system,  DATMI  (DeCoste,  1989).  This  includes  selecting 
a  best  match  between  model  and  observation,  and  deciding  when  to  doubt  the  model  and 
allow  a  sequence  to  go  uninterpreted. 

Before  further  discussing  the  measurement  interpretation  task,  we  require  the  appro¬ 
priate  vocabulary.  This  draws  primarily  from  Forbus’  (1987)  logic  of  occurrence. 

A  single,  time-varying  description  of  the  observed  behavior  will  be  called  a  history  7i 
(Hayes,  1979).  Since  there  is  no  unique  behavioral  description  of  an  observation  (Chap¬ 
ter  4),  7{  represents  the  behavioral  description  in  current  use.  A  history  is  composed  of 
behavioral  segments  (bsegs)  that  are  temporally  extended  and  spatially  bounded.  Bsegs 
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divide  a  measurement  sequence  into  maximal,  contiguous  intervals  over  which  all  measured 
quantities  are  qualitatively  constant  (i.e.,  maintain  the  same  qualitative  value).  Bsegs  were 
defined  in  Chapter  4.  The  function  Bsegs  maps  hrom  a  history  to  the  set  of  bsegs  that 
comprise  it.® 

An  envisionment  £  represents  all  possible  qualitative  states  a  particular  system  may  take 
on  and  all  legal  transitions  between  them.  The  function  States  maps  from  an  envisionment 
to  the  set  of  states  that  comprise  it.  It  will  be  assumed  that  £  and  7i  agree  in  perspective 
and  granularity. 

Definition  6.1  (Consistent With)  ConsistentWith(b,s)  is  true  whenever  hseg  b  describes 
behavior  of  the  system  that  is  not  inconsistent  with  state  s. 

The  set  of  possible  interpretations  of  an  observed  bseg  correspond  to  aU  envisionment 
states  that  consistently  explain  it.  This  is  aU  states  s  such  that  ConsistentWith(b,s)  is 
true.  A  single  interpretation  must  then  be  selected  based  on  global  consistency  derived  by 
considering  temporaUy  adjacent  bsegs  and  states. 

Definition  0.2  (OccursAt)  Given  s  €  States(£),  b  6  Bsegs(H),  OccursAt(s,b)  is  true 
exactly  when  the  state  s  represents  what  is  happening  during  b. 

Since  “what  is  happening”  can  never  be  absolutely  determined  and  there  may  be  mul¬ 
tiple  interpretations  possible,  OccursAt  wiU  be  taken  to  mean  s  is  the  assumed  interpreta¬ 
tion  for  bseg  b.  Since  bsegs  may  partiaUy  specify  the  properties  that  distinguish  individual 
states,  a  path  of  qualitative  states  may  occur  within  a  given  bseg.  The  converse  of  OccursAt 
may  be  defined  as  weU: 

Definition  0.3  (Nointerpret)  Given  b  6  Bsegs(H),  Nolnterpret(b)  is  true  iff  for  all  s  G 
States(£),  OccursAt(s,b)  is  false, 

A  registration  is  a  mapping  which  relates  em  observation  to  an  envisionment  by  pairing 
bsegs  in  the  observation  with  corresponding  states  in  the  envisionment.  In  other  words,  it 
is  the  chosen  interpretation  for  an  observation  and  consists  of  aU  true  OccursAt  statements 
for  bsegs  in  the  observation. 

DATMI  tjikes  a  history  Ti  and  an  envisionment  £.  It  returns  a  registration  which  is  a 
temporaUy  ordered  (over  W)  sequence  of  OccursAt(si,bi)  and  Nolnterpret(bj)  statements. 

’This  deviates  from  the  definition  used  in  (Fotbus,  1987),  which  refers  to  the  behavior  and  uses  the 
term  “episode”  to  refer  to  behavioral  segments.  Here  I  assume  a  single  fixed  description  of  the  behavior  is 
in  use  at  a  particular  time  and  will  use  “bseg”  to  remain  consistent  with  Chapter  4. 
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Observation 


Envisionment 


Figure  6.2:  Forming  a  registration  between  observed  bsegs  and  model  derived  states. 


For  example,  Figure  6.2  shows  the  behavior  of  a  closed  container  filled  with  liquid  and 
the  envisionment  from  a  flawed  evaporation  model  that  indicates  all  contained  liqxiids 
evaporate.  The  registration  returned  by  DATMI  for  this  observation  -  model  pair  is:^ 

((OccursAt  qstate-l  evaping)  (Nolnterpret  evap-stopped)) 

This  indicates  that  the  model  consistently  explains  the  evaping  bseg,  which  corresponds 
to  qstate-1  in  the  envisionment.  However,  the  model  is  inconsistent  with  the  behavior  in 
evap-stopped.  The  behavior  shows  no  loss  of  liquid  in  a  non-empty  contetiner,  while  the 
model  believes  evaporation  should  continue  until  the  container  is  empty. 


6.2  Determining  the  adequacy  of  a  model 

The  first  step  in  evaluating  a  proposed  model  is  to  ensiire  that  the  model  is  at  least 
consistent  with  the  observation  it  is  intended  to  explain.  This  is  called  verifying  the  initial 
adequacy  of  the  model.  Recall  that  mapping  and  transfer  combine  to  produce  an  operational 
model.  The  consequences  of  this  model  must  then  be  explored.  Does  it  make  sense?  Does 

*This  ia  modified  for  readability.  DATMI  actually  returns  the  following  list  of  internal  structures: 
(<Plnterp-l  q-l,8eg-l>  ( :HO-IITEEPRET  1.0  2.0)). 
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it  conflict  with  current  beliefs?  Does  it  provide  a  complete  and  consistent  explanation  for 
the  original  observation? 

Once  an  operational  model  is  produced  by  the  transfer  component,  it  is  used  to  generate 
scensLrio  predictions  in  order  to: 

1.  Verify  initial  adequacy.  In  the  ideal  case,  the  proposed  hypothesis  provides  a  complete 
and  consistent  explanation  of  the  observed  behavior. 

2.  Detect  inconsistencies.  The  model  may  be  inconsistent,  either  internally  or  with 
respect  to  prior  beliefs. 

3.  Analyze  coverage.  The  base  and  target  behaviors  may  have  only  shared  a  few  impor¬ 
tant  properties,  leading  to  extra  predictions  or  unexplained  behavior: 

(a)  Identify  explanatory  inadequacies.  The  model  may  only  explain  a  subset  of  the 
phenomenon.  What  is  and  isn’t  explained  must  be  identified  before  attempting 
to  augment  the  existing  hypothesis  through  additional  explanation  processing. 

(b)  Reveal  novel  predictions.  The  model  may  predict  additional  behavior  that  wets 
not  reported  in  the  original  observation  description. 

The  registration  is  the  basis  for  verification  and  revision.  Specifically,  it  states  the 
conditions  for  accept^mce  under  initial  adequacy: 

Definition  6.4  (Adequacy)  A  proposed  model  is  considered  adequate  iff  the  registration 
between  the  predictions  £  of  the  model  and  the  observed  behavior  71  is  consistent  and  com¬ 
plete.  A  registration  is  consistent  if  it  assigns  every  bseg  in  7t  to  at  least  one  state  in  £.  It 
is  complete  if  there  are  no  Occurs At(s,b)  in  which  bseg  b  describes  a  property  not  described 
in  state  s. 

Revision  occurs  where  the  registration  fails,  either  where  Nolnterpret(bj)  is  true  or 
where  additional  behavior  was  observed  for  which  the  model  makes  no  prediction. 

The  method  used  in  PHINEAS  for  determining  initial  adequacy  is  quite  simple.  This  is 
due  primarily  to  the  presence  of  QPE  and  DATMI,  which  are  treated  as  primitive  operations 
by  PHINEAS.  Adequacy  determination  begins  when  an  operational  model  is  presented  for 
testing.  The  model  and  a  description  of  the  scenario  under  investigation  are  given  to  QPE, 
which  produces  a  total  envisionment  for  the  scenario.  The  envisionment  and  the  observed 
behavior  description  are  then  given  to  DATMI,  which  returns  a  registration  between  the 
envisioiunent  and  the  observation.  If  the  registration  is  complete,  the  model  is  accepted  as 
initially  adequate  by  PHINEAS.  If  there  is  more  than  one  initially  adequate  hypothesis,  a 
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preferential  ordering  is  applied.  Preferential  orderings  are  handled  by  PHIHEAS’  task  agenda, 
which  is  described  in  Chapter  8.  Finally,  if  the  registration  is  not  complete,  revision  will 
be  attempted  on  the  model  if  no  hypotheses  are  found  to  be  adequate. 


6.3  Examples 

A  simulation  experiment  may  function  in  one  of  three  general  ways:  As  confirmation  that 
the  model  is  complete  and  consistent,  as  a  discrimination  between  alternate  hypotheses,  or 
as  an  analysis  of  a  model’s  coverage.  This  section  presents  three  examples  demonstrating 
each  of  these  roles. 

6.3.1  As  coufirmation 

In  the  simplest  case,  a  hypothesized  model  will  fully  predict  the  observed  behavior.  In 
such  cases,  PHINEAS  is  able  to  verify  the  model’s  adequacy  by  finding  a  path  through  the 
envisionment  generated  with  the  model  that  corresponds  to  the  observation. 

Consider  the  model  explaining  the  disappearing  alcohol  observation  that  was  developed 
in  the  previous  two  chapters.  Initially,  PHINEAS  was  told  that  the  amount  of  alcohol  sitting 
in  an  open  beaker  was  decreasing,  leaving  the  beaker  eventually  dry.  From  this  observation, 
it  conjectured  an  alcohol  “dissolving  into  the  atmosphere”  model  through  an  analogy  with 
dissolving  (shown  in  Figure  5.7).  Thus,  it  may  now  attempt  to  interpret  the  original 
situation.  The  proposed  process  model  (  Process -4)  and  associated  assumptions  are  given 
to  qPE,  which  produces  the  two-state  envisionment  show  in  Figure  6.3.  PHINEAS  finds  that 
the  darkened  path  is  consistent  with  the  original  observation  and  hence  the  new  theory 
accurately  models  the  heat  flow  situation  (at  least  in  its  overall  qualitative  behavior).  It 
has  thus  verified  that  the  theory  is  consistent  with  this  and  functionally  similar  instances 
of  heat  flow,  enabling  the  new  model  to  be  added  to  the  set  of  known  domain  theories. 
Experiments  may  be  used  to  further  verify  the  theory  and  the  new  model,  as  discussed  in 
Section  6.4. 

6.3.2  As  discrimination 

Another  role  of  simulation  experiments  is  to  discriminate  between  two  or  more  mutually 
incompatible,  competing  hypotheses.  Only  a  subset  of  the  hypotheses  may  be  consistent 
with  the  full  constraints  of  the  situation.  When  con&onted  with  a  set  of  candidate  hypothe¬ 
ses,  the  ideal  is  to  be  able  to  find  only  a  single  explanation  that  makes  sense  when  fully 
analyzed.  In  that  case,  the  refuted  hypotheses  may  be  rejected  outright  (i.e.,  no  revision 
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Ds [Amount-of (edcoholl)]  = 
Amount-of (alcoholl)  = 


zero 


Ds [Amount-of (alcoholl)]  =  -1 
Amount-of (alcoholl)  >  zero 


Analysis  of  OPEl-ALCOHOL  according  to  theory  nPEi-iLCOBOL-BEHAVIOR-THEORT-8 

In  behavioral  segment  1 

(ANOUIT-OF  ALCOHOLl)  is  Decreasing 
(CHAIGE-RATE  (AMOUIT-OF  ALCOHOLl))  is  Constant 
(A  (AMOUIT-QF  ALCOHOLl))  is  Greater  Than  ZERO 

Due  to  the  folloeing  processes  being  active: 

PR0CESS-4(ALC0HQL1  ATMOSPHERE) 

vhich  is  analogous  to  DISSOLVE. 

In  behavioral  segment  2 

(AMOUIT-OF  ALCOHOLl)  is  Constant 
(A  (AMOUIT-OF  ALCOHOLl))  is  Equal  To  ZERO 

There  are  no  processes  active. 


Figure  6.3:  Demonstrating  the  adequacy  of  the  proposed  disappearing  alcohol  model  con¬ 
structed  by  analogy  to  dissolving.  The  two-state  envisionment  at  the  top  was  produced  by 
QPE.  The  analysis  at  the  bottom  was  produced  by  DATMI  as  a  stunmary  of  its  successful 
interpretation. 


attempted)  and  the  winning  hypothesis  retained  as  the  one  “true”  explanation  (assuming 
only  one,  rather  than  all  possible,  is  sought). 

For  example,  consider  the  behavior  of  a  beach  ball  suspended  in  an  upward  column  of 
flowing  air,  as  in  Figure  6.4.  Stores  Avill  sometimes  reverse  the  air  flow  of  a  vacuum  cleaner 
and  suspend  a  beach  ball  in  the  exhaust  jet  part  of  their  display.  The  ball  is  very  stable 
and  will  remain  within  the  jet  even  when  slapped  aroimd.  What  holds  the  ball  in  place 
and  why  is  it  so  stable  (Walker,  1975,  problem  4.20)?  PHINEAS  is  able  to  conjecture  two 
plausible  explanations  for  what  is  happening.  One  is  derived  &om  the  notion  of  pushing 
and  proposes  that  the  air  jet  is  pushing  the  ball  upward  from  underneath  and  towards  the 
center  on  both  sides  (Figure  6.4(a)).  The  core  to  this  model  are  the  relations: 

Force (ball, position)  >  zero 

Force  (ball, position)  a4.  Amoimt-of  (air, position) 
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Figure  6.4:  Discriminating  between  two  proposed  explanations. 


The  other  explanation  is  derived  from  PHIHEAS’  approximate  knowledge  of  Bernoulli’s  effect 
on  airplane  wings  -  that  «iir  flow  can  cause  upward  pull  from  above  (this  is  a  simplification 
of  the  actual  pressure  drop  leading  to  the  pull  effect).  The  core  component  of  this  model 
is  the  relation: 

Force (ball, position)  <  zero 

Force (ball, position)  oc+  Amount-of (air, position) 

When  these  two  hypotheses  are  “run”,  we  find  that  only  the  second  produces  stability,  as 
evidenced  by  the  oscillatory  envisionment  it  produces.  If  the  air  were  pushing  on  the  sides 
of  the  ball  in  proportion  to  how  much  air  is  on  a  given  side,  offsetting  the  ball  to  the  right 
would  lead  to  further  pushing  by  the  air  to  the  right  -  positive  feedback  and  instability.  On 
the  other  hsmd,  if  the  air  where  “pulling”  on  the  sides  due  to  pressure  gradients,  offsetting 
the  ball  to  the  right  would  lead  to  increased  force  toward  the  left  -  negative  feedback 
and  stability.  Hence,  the  hypothesis  drawn  tom  abstract  knowledge  of  Bernoulli’s  effect 
consistently  leads  to  the  desired  behavior  and  is  proposed  as  the  explanation.  The  pushing 
hypothesis  is  rejected  due  its  inconsistency  with  the  desired,  behavior. 

6.3.3  As  analysis  of  coverage 

If  a  set  of  explanations  are  produced  and  a  non-zero  subset  are  found  consistent,  then  it 
is  probably  reasonable  to  reject  the  failed  hypotheses  on  the  grounds  that  better  ones  are 
known.  However,  if  there  is  only  one  hypothesis,  or  every  available  hypothesis  initially  fails, 
then  outright  rejection  must  be  replaced  by  analysis  and  revision. 

A  proposed  explanation  may  correctly  predict  portions  of  the  observation,  yet  leave 
other  portions  unexplained.  Alternatively,  it  may  correctly  explain  all  of  the  observed 
behavior,  yet  predict  additional,  unrecorded  behavior.  The  primary  role  of  simulating  a 
flawed  model  is  to  see  exactly  what  behavior  it  does  predict,  so  that  points  of  discrepancy 
may  be  found  between  model  and  observation. 
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Figure  6.5:  Determiniiig  the  coverage  of  a  proposed  explanation  for  osmosis. 


Consider  the  situation  in  Figure  6.5,  which  depicts  two  containers,  sharing  a  common 
bottom  and  separated  by  a  wall  called  ‘‘membrane”.  Each  chamber  contains  a  solution. 
The  level  of  solution  Si  is  observed  to  be  decreasing  while  its  concentration  is  increasing.  At 
the  same  time,  the  level  of  solution  Sj  is  observed  to  be  increasing  while  its  concentration  is 
decreasing.  In  other  words,  osmosis  is  taking  place.  When  PHINEAS  is  assigned  to  explain 
the  situation,  it  knows  nothing  about  osmosis  and  focuses  first  on  liquid  flow  due  to  the 
overall  behavioral  similarity.  An  initial  “liquid  flow”  model  is  proposed  and  used  to  envision 
the  possible  behavior  for  the  situation.  This  model  corresponds  to  solution  flowing  through 
the  membrane  from  Si  to  5j.  It  correctly  predicts  the  change  in  fluid  levels,  as  well  as  the 
drop  in  5j’s  concentration  (due  to  flow  of  5i’s  lower  concentration).  However,  the  model 
also  states  that  5i’s  concentration  should  remain  constant,  in  conflict  with  its  observed  rise 
(see  Figure  6.5).  The  model  is  therefore  inadequate  and  must  undergo  revision,  hopefully 
to  realize  that  solvent  is  flowing  rather  than  the  entire  solution. 

6.4  Further  Verification 

Given  that  the  new  model  is  consistent  with  what  has  been  observed,  we  may  now  seek 
further  empirical  confirmation  of  its  validity  through  various  stages  of  experimentation. 
A  time-based  planner  has  been  used  to  explore  the  possibility  of  constructing  simple  ex¬ 
periments  to  perform  prediction  verification.  More  complex  experiments  may  have  to  be 
performed  to  verify  extensions  of  the  analogy. 
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6.4.1  Verifying  local  predictions  of  the  model 

Giv'en  that  the  consistency  of  the  model  has  been  confirmed  by  finding  a  path  in  the 
envisionment  that  explains  the  current  situation,  what  may  be  said  about  the  other  paths 
in  this  new  envisionment?  The  new  model  states  that  the  system  should  be  able  to  exhibit 
the  other  behaviors  described  by  the  envisionment. 

A  temporal  planner,  TPLAN  (Hogge,  1987c),  and  its  associated  domain  compiler  {Rogge, 
1987b,  1987a)  have  been  used  to  explore  constructing  simple  experiments  for  local  pre¬ 
diction  verification.®  This  planner  is  able  to  develop  plans  leading  to  situations  in  the 
envisionment,  allowing  it  to  manipulate  the  scenario  through  various  paths  and  confirm 
or  disconfirm  the  validity  of  the  model’s  predictions.  Only  one  example  was  successfully 
completed  until  problems  in  planning  technology  (and  other  commitments)  delayed  further 
investigation,  such  as  the  need  to  plan  for  prevention  (Hogge,  1988).  However,  this  work 
demonstrates  several  nice  properties.  First,  the  domain  compiler  enables  dynamic  gener¬ 
ation  of  new  planning  knowledge  in  response  to  learning  new  theories  about  the  physical 
world.  Learning  a  model  of  heat  flow  enables  learning  new  planning  knowledge  to  raise  the 
temperature  of  objects.  Second,  because  the  envisionment  explicitly  describes  all  states 
relevant  to  local  prediction  verification,  creative  experiment  design  of  novel  situations  is 
unnecessary. 

Consider  the  scenario  predictions  generated  for  a  novel  heat  flow  situation  in  which  a  hot 
brick  is  cooling  off  in  hot  water.  Its  model  may  further  predict  the  bidirectionality  of  heat 
flow,  that  is,  the  opposite  behavior  should  occur  if  a  cool  brick  is  placed  in  hot  water.  First, 
operators  for  heating  and  cooling  are  created  from  the  system’s  new  knowledge  about  heat 
flow.  Second,  the  goal  is  posted  to  achieve  the  “cool  brick  in  hot  water”  situation  identified 
as  one  of  the  unconfirmed  starting  states  of  the  scenario  predictions.  Starting  from  the 
current  equilibrium  state,  TPLAN  generates  a  plan  to  (1)  remove  the  brick  from  the  water 
(to  prevent  its  heating  up),  (2)  heat  the  water  by  placing  it  in  contact  with  a  hot  stove,  and 
(3)  return  the  brick  to  the  now  hotter  water.  When  the  plan  is  executed,  behavior  leading 
from  the  initial  achieved  state  may  be  observed  and  found  to  match  prediction.  Notice  that 
had  the  system  been  testing  a  new  electrical  flow  through  a  diode  model,  rather  than  heat 
flow,  the  experiment  would  have  failed,  uncovering  a  flaw  in  the  model. 


6.4.2  Verifying  extended  predictions  of  the  analogy 

If  an  analogy  proves  useful  in  under stajiding  a  given  phenomenon,  it  would  be  wise  to 
extend  the  einalogy  further  eind  explore  the  limits  of  the  analogy’s  validity.  For  example, 
the  water  flow  -  heat  flow  analogy  may  be  extended  by  hypothesizing  that  heat  is  itself 
a  type  of  fluid  and  possesses  the  properties  known  to  hold  for  fluids  (the  caloric  theory 
of  heat).  By  extending  the  analogy  in  this  manner,  we  are  forced  to  conjecture  a  law  of 
conservation  of  heat  which  states  that  heat  can  never  be  lost  nor  created.  In  the  early 
nineteenth  century,  the  caloric  theory  was  widely  believed  and  evidence  for  or  against 
conservation  of  heat  was  sought.  It  was  Count  Rumford’s  experiments  with  friction  which 
helped  lead  to  the  eventual  downfall  of  the  caloric  theory  of  heat  amd  supported  the  energy 
interpretation.  While  the  original  flow  model  may  remain  essentially  intact,  its  theoretical 
underpinnings  originating  from  extending  the  analogy  to  conjecture  a  heat  fluid  must  be 
replaced  by  a  notion  of  entry  flowing. 


6.5  Psychological  Relevance 

The  qualitative  simulation  phase  of  testing  used  in  PHIHEAS  is  drawn  from  people’s  tenden¬ 
cies  to  mentally  “try  out”  ideas  before  acting  on  them,  often  called  imagery  or  a  gedanken 
experiment. 

Gedanken  experiments  are  frequently  used  in  science,  both  as  an  explanatory  de¬ 
vice  or  as  a  mechanism  for  creative  insight  (e.g.,  Newton,  1729;  Einstein  &  Infeld,  1938; 
Dreistadt,  1968;  Leatherdale,  1974;  Miller,  1986).  For  example,  Bohr  and  Heisenberg  ex¬ 
plained  the  Heisenburg  uncertainty  principle  by  imagining  an  attempt  to  determine  the 
current  state  of  an  electron,  that  is,  its  position  and  velocity.  First,  obtain  a  powerful  mi¬ 
croscope  with  illuminating  light  of  wave-length  smaller  than  the  dimensions  of  the  electron, 
say  7-rays  (10“’’ cm)  (never  mind  for  now  if  such  a  microscope  is  feasible).  Now,  imagining 
the  actual  observation  we  suddenly  get  an  unanticipated  effect  -  at  this  wave  length,  the 
illuminating  light  bombards  the  electron,  knocking  it  out  of  view.  Attempting  to  view 
the  electron  has  changed  it’s  initial  velocity  by  an  unpredictable  amount  (Hanson,  1958, 
pg.  137). 

A  revolutionary  gedanken  experiment  was  conceived  by  Einstein  in  1895  which  laid 
the  foundation  for  his  development  of  the  special  theory  of  relativity.  Einstein  imagined 
an  experimenter  traveling  at  the  speed  of  light.  Physics  at  that  time  dictated  that  the 
experimenter  should  be  able  to  follow  a  light  wave,  and  hence  view  it  as  behaving  like  a 
standing  wave.  However,  according  to  Einstein’s  intuition,  the  laws  of  optics  should  be 
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independent  of  the  observer’s  motion.  His  thought  experiment  represented  an  important 
paradox. 

However,  gedanken  experiments  axe  not  limited  to  scientific  investigation.  People  have 
been  known  to  invoke  mental  simulations  for  interpretation,  prediction,  or  analysis  of  con¬ 
jectures  in  everyday  reasoning  about  the  physiceJ  world  (e.g..  Waltz,  1981;  Centner  & 
Stevens,  1983).  How  often  have  we  observed  a  person  make  a  quick  guess  to  explain 
something,  think  for  a  short  time,  and  then  declare  “No,  that  doesn’t  make  sense  after 
all.”?  For  example,  Williams  et  al  (1983)  describe  a  subject  explaining  the  operation  of  a 
heat  exchanger.  The  subject  would  mentzdly  simulate  what  transitions  should  take  place. 
Conflicting  predictions,  or  predictions  that  could  not  be  justified,  triggered  a  new  round  of 
model  development.  Collins  &  Centner  (1987)  found  similar  results  in  response  to  the  ques¬ 
tion  “How  does  evaporation  affect  water  temperature?”.  Their  subject  initially  guessed  that 
it  doesn’t.  Then,  the  subject  imagined  that  the  water  molecules  able  to  leave  the  surface 
of  the  water  must  be  the  most  energetic,  thus  lowering  the  average  temperature.  Finally, 
the  subject  imagined  the  surface  of  a  lake  being  warmed  by  the  sun,  with  the  deeper  layers 
at  a  lower  temperature.  As  successive  layers  evaporated,  the  level  would  drop,  new  layers 
would  be  warmed,  and  the  average  temperature  would  increase. 
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Chapter  7 

Theory  Revision 


When  a  proposed  hypothesis  is  found  to  be  inadequate  during  verification,  that  hypothesis 
must  be  revised  before  it  may  be  accepted.  Since  analogy  can  produce  flawed  or  incomplete 
inferences,  any  general  model  of  analogical  learning  must  include  a  complementary  model 
of  hypothesis  repair. 

Most  accounts  of  theory  formation  2Lnd  revision  have  failed  to  depict  the  experiential, 
integrated  nature  of  theory  development.  They  focus  solely  on  first-principles  analysis  of 
failed  theories  (e.g.,  Dietterich  &  Buchanan,  1983;  Rose  &  Langley,  1986;  Rajamoney,  1988a) 
But  why  should  the  generation  of  revision  hypotheses  oe  fundamentally  different  from  the 
generation  of  explanatory  hypotheses  in  the  first  place?  Past  experiences  should  still  be 
examined  to  see  if  any  known  phenomena  might  explain  the  anomaly.  Furthermore,  the 
additional  information  available  during  revision  may  enable  use  of  hypotL'sis  generation 
techniques  that  were  inapplicable  before. 

PHINEAS  cannot  interact  with  the  world.  Instead,  it  uses  a  knowledge-intensive,  heuristic 
approach  to  theory  revision.  This  chapter  discusses  three  techniques  to  analyze  anomalies 
and  propose  plausible  revisions.  A  first  principles  analysis  provides  a  strong  foundation 
and  exhaustive  source  of  hypotheses.  Precedent-guided  revision  uses  knowledge  of  analo¬ 
gous  phenomena  to  provide  a  focused,  ordered  set  of  hypotheses.  Finally,  difference-based 
reasoning  examines  prior  successes  to  see  what  is  different  about  the  current  situation  that 
may  provide  empirical  justification  for  proposed  hypotheses. 

This  chapter  begins  by  overviewing  the  revision  process,  showing  how  the  three  revision 
techniques  combine  to  provide  a  focused  source  of  hypotheses.  It  then  describes  each 
revision  technique  in  turn.  They  are  only  partially  implemented,  so  the  rr  »der  should  assume 
everything  described  in  this  chapter  is  unimplemented  unless  explicitly  stated  otherwise. 
The  chapter  closes  with  an  example  and  a  perspective  look  at  how  this  work  relates  to  the 
general  theory  revision  problem. 
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7.1  Overview 


A  newly  proposed  hypothesis  may  be  flawed  in  several  ways.  It  may  interact  with  prior 
beliefs,  leading  to  various  kinds  of  inconsistency.  It  may  only  provide  a  partial  explanation, 
thus  requiring  further  interpretation.  The  hypothesis  may  be  overzealous  in  that  it  predicts 
behaviors  that  did  not  occur.  Finally,  it  may  suffer  from  a  generalization  flaw,  in  which 
the  hypothesis  is  primajily  correct  but  the  conditions  on  when  it  should  and  should  not  be 
applied  are  inaccurate. 

Repairing  a  faulty  hypothesis  is  a  two  stage  process: 

1.  Credit  assignment.  Identify  the  portion(s)  of  the  hypothesis  responsible  for  the  in¬ 
correct  conclusions,  either  explicitly  or  by  identif3dng  genetcd  classes  of  problems. 

2.  Repair.  Modify  the  hypothesis  so  that  offending  conclusions  will  be  retracted  and 
correct  conclusions  will  be  maintained. 

A  number  of  approaches  to  the  credit  assignment  problem  have  been  proposed.  Typ¬ 
ically,  they  involve  analyzing  a  trace  of  program  execution  or  dependency  structure  to 
isolate  “points”  of  failure.  For  example,  an  operator  leading  down  the  wrong  search  path 
may  be  identified  (Mitchell  et  al.,  1983)  or  a  wrong  conclusion  traced  to  an  inappropriately 
applied  rule  or  assumption  (Smith  et  al.,  1985;  Rose  &  Langley,  1986). 

There  are  three  aspects  of  PHINEAS’  task  that  lead  to  difficulties  for  these  approaches. 
First,  there  is  no  single  answer  or  goal  state,  but  rather  a  multi-state  description  that  is 
supposed  to  contain  a  subsequence  of  states  matching  an  observed  continuous  behavior. 
Hence,  the  same  model  or  assumption  might  correctly  predict  one  state  while  failing  to 
match  another,  all  for  the  same  scenario.  Second,  continuous  quantities  may  have  multi¬ 
ple  influences.  If  a  quantity  is  predicted  to  be  increasing  but  found  to  be  constant,  it’s 
not  necessarily  the  ceise  that  the  predicted  positive  influence  is  incorrect.  There  might 
be  an  additional,  unknown  negative  influence  cancelling  the  positive  influence.  Finally, 
a  model  will  typically  drive  predictions  about  multiple  components  of  a  scenario  (e.g., 
amount,  pressure,  and  volume).  Hence,  a  single  faulty  model  may  lead  to  non-local  fail¬ 
ures.  These  problems  are  all  analogous  to  the  problems  encountered  in  multiple  fault 
diagnosis  (de  Kleer  &  Williams,  1987). 

An  example  is  useful  at  this  point  to  help  clarify  the  revision  task.  Suppose  in  response 
to  the  disappearing  alcohol  observation  PHINEAS  had  learned  the  “evaporation”  model 
shown  in  Figure  7.1.^  This  model  indicates  that  any  liquid  in  a  container  wiU  evaporate 

'This  model  is  taken  from  (Falkenhainer  &  Rajamoney,  1988).  It  was  learned  by  PHIHEIS  with  the  aid 
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(delProcess  (PROCESS-3318  ?v-3309  ?v-3310  ?v-3311  ?v-3312) 

Individuals  ((7V-3309  : conditions  (Substanca  7V-3309)) 

(7V-3310  : conditions  (Can-Contain  7V-3310  7V-3309)) 
(7V-3311  : conditions  (Contained-Liquid  7V-3311) 

(Container-ol  7V-3311  7V-3310) 
(Substanca-ol  7V-3311  77-3309)) 
(77-3312  : conditions  (Contained- Gas  77-3312) 

(Container-of  77-3312  77-3310) 
(Substance-of  77-3312  77-3309))) 

QuantityConditions  ( (Greater-Tban  (1  (Imount-of  77-3311))  zero)) 
Relations  ((Quantity  (7aporization-Rate  7sell)) 

(Greater-Tban  (A  (7apoTization-Rate  7sell))  zero)) 
Influences  ((I-  (Heat  77-3311)  (A  (7aporization-Rate  7self))) 
(Ctrans  (Amount-of  77-3311)  (Amount-of  77-3312) 

(A  (7aporization-Rate  7self))))) 


Figure  7.1:  A  flawed  model  of  evaporation.  This  model  indicates  that  any  liquid  in  a 
container  will  evaporate  until  the  container  is  empty. 


until  the  container  is  empty.  Consider  what  happens  when  that  same  model  is  applied  to  a 
new  situation  in  which  alcohol  is  placed  in  a  closed  container.  The  observed  behavior  and 
the  model’s  incorrect  prediction  are  shown  in  Figure  7.2.  What  went  wrong?  Examination 
of  the  justiflcation  structure  shown  in  Figure  7.3,  which  states  why  the  model  predicts  a 
decrease  in  the  alcohol,  provides  some  clues.  The  derivative  of  the  amount  of  alcohol  is  less 
than  zero  because  the  alcohol  has  the  quantity  amount-of,  process  PROCESS-3318  is  active 
as  the  process  instance  PIO,  and  its  vaporization  rate  is  greater  than  zero.  Further  exami¬ 
nation  reveals  that  PIO  is  active  because  it  “exists”  (i.e.,  instantiates  on  known  individuals) 
and  the  quantity  condition  “amount  of  alcohol  greater  than  zero”  is  true.  Note  that  there 
are  many  places  where  a  justiflcation  might  be  changed  to  defeat  the  flawed  belief.  The 
first  simplification  made  is  to  reason  at  the  level  of  processes,  rather  than  about  each  in¬ 
dividual  belief.  Thus,  the  reasons  for  believing  ActivefPIO)  are  most  relevant.  What 
changes  will  remove  the  erroneous  belief?  One  possibility  is  to  add  a  new  quantity  condi¬ 
tion,  for  example  that  the  amount  of  alcohol  must  be  greater  than  some  lower  limit  point 
Kalcoboll).  Alternatively,  the  process’  stated  effect  on  the  amount  of  alcohol  could  be 

of  Rajunoney’s  directed  experimentation  system  (ADEPT).  PHIHEIS  is  unable  to  develop  this  exact  model 
(it  was  derived  from  boiling)  when  operating  on  its  own,  but  the  model  has  useful  characteristics  for  this 
discussion. 
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Figiire  7.2:  Observed  behavior  of  alcohol  in  a  closed  container  and  the  behavior  predicted 
by  the  flawed  evaporation  model. 
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Fignre  7.3:  Justificaticm  structure  produced  by  PR0CESS>3318  indicating  why  the  derivative 
of  the  alcohol’s  amount  should  be  negative.  Nodes  in  italic  indicate  eissumptions  made  by 
QPE  during  envisioning. 


removed  (the  Ctrans  expression).  Caution  is  needed,  for  repairing  an  erroneous  prediction 
in  one  envisionment  state  may  reverse  a  correct  prediction  in  another  envisionment  state. 

Due  to  these  complexities,  rather  than  examine  the  underlying  beliefs  behind  each 
incorrect  parameter  prediction  one  at  a  time,  global  anomalies  are  classified  into  failure 
categories.  This  categorization  is  then  used  by  the  revision  processes  to  determine  possible 
revisions.  In  describing  the  alternate  categories,  the  following  simplification  is  made: 

•  Process  simplification:  Only  revision  of  flawed  process  models  are  considered. 

Individual  ndes  and  entity  definitions  are  not  subject  to  change. 

A  process  is  syntactically  equivalent  to  a  schema  definition.  It  specifies  constraints 
on  the  objects  it  may  apply  to,  a  set  of  conditioning  relations  that  state  when  it  may 
apply  (i.e.,  a  process’  preconditions  and  quantity  conditions),  and  a  set  of  consequent 
effects  on  the  world.  A  process  is  considered  active  when  it  is  applied  in  a  given  situation 
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and  inactive  when  it  does  not  apply.  For  example,  a  process’  preconditions  and  quantity 
conditions  together  indicate  when  it  is  active  and  inactive.  Note  that  the  same  process 
may  be  both  active  and  inactive  in  the  same  envisionment,  but  never  in  the  same  state  of 
that  envisionment. 

Two  assumptions  are  made  in  the  revision  process: 

•  Single  influence  assumption:  There  are  no  influences  on  an  observed  quantity 
that  is  constant. 

By  this  assumption,  the  case  of  a  quantity  being  constant  due  to  equal  emd  opposite  influ¬ 
ences  on  it  is  not  considered. 

•  Unit  influence-chain  assumption:  If  the  hypothesis  that  is  influencing  Q2  is 
being  proposed,  but  is  currently  not  believed,  the  chain  of  influences  from  Qi  to 
Q2  is  of  length  one. 

By  this  assumption,  the  case  of  hidden  influencers  is  not  considered.  This  prevents  propos¬ 
ing  an  influence  from  Qi  to  ^2  of  the  form  Q2  «...  Qi ...  oc  Qj,  where  each  Qi  is  an  unknown, 
hypothesized  quantity. 

Due  to  the  limited  resolution  of  quaditative  models,  qualitative  simulators  are  designed 
to  branch  in  times  of  ambiguity.  A  given  model  may  produce  a  large  number  of  scenario 
predictions,  corresponding  to  different  run-time  assumptions  about  quantity  relationships, 
object  existence,  and  influence  ambiguities.  A  revision  problem  that  will  not  have  to 
be  addressed  is  revising  these  types  of  assumptions,  since  the  qualitative  simulator  will 
automatically  branch  on  these  ambiguities. 

7.1.1  Combining  Analysis  with  Experience  Provides  Focus 

In  summary,  revision  proceeds  as  follows: 

1.  Failure  detection  and  isolation.  Failures  are  detected  when  the  verification  process 
classifies  a  hypothesis  as  inadequate.  The  registration  indicates  which  states  of  the 
behavior  are  anomalous. 

2.  Failure  classification.  The  type  of  failure  is  classified  (e.g.,  premature  stop, 
should  cause,  etc.). 

3.  Propose  revisions.  Potential  revisions  of  the  theory  are  hypothesized  to  enable  it  to 
correctly  explain  the  previously  anomalous  observation. 
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4.  Select  revision(s).  A  subset  of  the  proposed  revisions  is  chosen  and  revised  theories 

formed.  These  theories  must  be  reexamined  for  adequacy. 

The  task  of  proposing  and  selecting  revision  hypotheses  is  severely  underconstrained. 
Using  a  purely  formal  Emalysis  of  a  prediction’s  causal  structure,  the  number  of  possible 
revisions  is  infinite  (e.g.,  creating  an  endless  transitive  chain  of  new  quantities  and  pro¬ 
portionalities  to  hypothesize  an  influence  on  qi  by  q2).  Even  with  the  stated  assumptions, 
analysis  of  the  causal  structure  <done  will  produce  a  large  number  of  possible  revisions  for  a 
model  of  any  complexity,  making  it  extremely  difficult  to  identify  the  “one  true  fix”.  Addi¬ 
tionally,  there  is  no  clear  best  selection  criteria.  Rose  and  Langley  (1986)  have  proposed  a 
cost  mezisute  for  ordering  possible  revisions,  in  which  revisions  to  premises  supporting  the 
fewest  beliefs  are  preferred.  However,  they  correctly  observed  that  some  hypotheses  about 
an  ainomaly  seem  more  plausible  than  others,  for  which  the  cost  measure  does  not  account.^ 
I  propose  that  this  sense  of  plausibility  arises  from  experience,  both  with  behavior  analogous 
to  a  given  anomaly  and  with  prior  applications  of  the  theory  under  investigation.  These 
two  forms  of  analogy  may  be  used  in  tandem  with  a  first-principles  analysis  to  provide  a 
preferential  ordering  and  empirical  support  for  proposed  revision  hypotheses. 

The  revision  process  is  depicted  in  Figure  7.4.  During  the  verification  stage,  anoma¬ 
lies  are  detected  through  the  registration;  bsegs  having  no  interpretation  correspond  to 
physical  states  where  the  theory  fails.  The  failure  is  classified  according  to  a  set  of  fail¬ 
ure  categories.  First  principles  analysis  is  then  used  to  examine  the  behavior  history,  the 
failure  classification,  and  the  flawed  theoretical  predictions  to  propose  a  list  of  possible 
changes  to  the  theory.  This  list  is  typically  long  and  always  unordered.  Precedent-guided 
revision  also  proposes  revisions,  but  from  a  different  perspective.  It  seeks  analogues  to  the 
current  observation  that  display  the  same  behavioral  aspect  causing  the  current  problem. 
It  then  determines  how  that  aspect  was  explained  in  the  analogue  case  and  suggests  revi¬ 
sions  that  would  produce  a  similar  explanation.  Revisions  drawn  from  analogous  situation 
explanations  have  experiential  corroboration  and  are  preferred  over  revisions  drawn  solely 
from  an  analysis  of  the  situation  in  isolation.  Difference-based  reasoning  seeks  empirical 
explanation  for  the  change  in  behavior  between  the  current  anomalous  case  and  a  prior  ob¬ 
servation  successfully  explained  by  the  model  under  investigation.  It  identifies  how  the  two 
scenario  descriptions  differ  (  AWm,  Hntv))  attempts  to  determine  which  quantities 
might  be  affected  by  that  change.  Revisions  concerning  those  quantities  have  empirical 
corroboration,  while  revisions  about  other  quantities  are  deemed  less  desirable. 

diagnostic  reasoning,  this  observation  is  addressed  by  use  of  probability  measures  on  possible  faults 
(e.g.,  Buchanan  k  Shortliffe,  1984;  de  Kleer  k  Williams,  1987).  It  is  not  clear  how  Bayesian  probability 
measures  for  flaws  in  a  model  would  be  obtained. 
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Figure  7.4:  Overview  of  the  proposed  PHIHEAS  revision  process. 


7.1.2  Categorizing  the  Flaw 

The  NoInterpTvt(hj)  statements  of  a  registration  between  model  and  observation  indicate 
specific  behavioral  segments  that  were  considered  anomalous.  Failures  are  detected  and 
isolated  by  examining  the  individual  bseg  disagreements,  or  considering  the  behavior  of 
a  sequence  of  uninterpretted  bsegs.  Points  of  disagreement  are  then  classified  according 
to  the  categories  listed  in  Table  7.1.  These  categories  are  similar  in  intent  to  the  taxon¬ 
omy  discussed  in.  (Smith  et  al.,  1985).  However,  they  primarily  assumed  correctness  of  the 
underlying  domain  theory  and  examined  failures  due  to  violated  assumptions. 

Anomalies  may  be  of  three  general  types:  conditioning  relation,  effects  relation,  or 
behavioral  gap.  Each  of  these  distinctions  has  an  associated  set  of  revision  distinctions. 

7. 1.2.1  Conditioning  relation 

The  conditioning  relations  of  a  process  (i.e.,  preconditions  and  quantity  conditions)  indicate 
when  the  process  is  active  and  inactive.  Problems  related  to  incorrect  conditioning  rela- 
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•  Conditioning  relation.  If  knowledge  is  applied  when  it  shouldn’t,  or  not  applied  when 
it  should,  then  the  conditioning  relations  describing  applicability  must  be  revised. 
This  corresponds  to  the  following  pair  of  possibilities: 

1.  Prevent:  A  theory  was  applied  when  it  should  not  have  been.  This  may  be 
further  classified  into: 

(a)  Stopped:  The  theory  says  it  should  be  active,  the  behavioral  state  indicates 
inactive,  and  the  theory  was  correctly  active  in  some  non-empty  set  of  states. 
Having  time  in  the  representation  enables  two  further  distinctions: 

i.  Premature-stop:  Stopped  prior  to,  but  on  the  way  to,  stopping  nor¬ 
mally. 

ii.  Chance-stop:  An  unanticipated  ending. 

(b)  Blocked:  The  behavior  indicates  always  inactive,  while  the  theory  some¬ 
times  cr  always  indicates  active. 

2.  Cause :  A  theory  was  not  applied  when  it  should  have  been.  This  may  be  further 
classified  into: 

(a)  Kept-going:  The  behavior  kept  going  in  all  the  same  directions,  yet  the 
theory  driving  it  went  inactive. 

(b)  Is-going;  The  theory  is  always  inactive,  while  the  behavior  indicates  that 
it  should  be  active  at  times. 

•  Effects  relation.  When  a  packet  of  knowledge  is  properly  applied,  it  may  still  be 
inadequate  if  its  believed  effects  are  in  error.  There  are  two  possibilities: 

1.  Should-cause:  Additional  behavior  was  observed  that  wasn’t  accounted  for. 

2.  Shouldnt-cause:  Additional  behavior  was  predicted  that  didn’t  occur. 

•  Behavioral  gap.  If  a  sub-sequence  of  behavioral  states  is  tmexplained,  perhaps  with 
surrounding  states  properly  explained,  there  might  be  more  wrong  than  simply  a 
precondition  or  effect  relation  of  a  theory.  Additional  theories  may  be  required  to 
incrementally  develop  a  complete  picture  through  multiple  models.  Alternatively,  the 
existing  theory  might  be  faulty  beyond  repair  and  need  to  be  replaced. 

Table  7.1:  Categories  of  potential  flaws. 
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tions  appear  in  two  forms:  a  process  is  t  -  prevented  from  being  active  when  it  shouldn’t 
(Prevent),  or  excessive  constraint  is  causing  a  process  to  be  inactive  when  it  shouldn’t 
(Cause). 

The  Prevent  condition  holds  for  em  active  process  instance  if  every  quantity  influenced 
by  that  process  (1)  conflicts  in  the  given  bseg  and  (2)  was  observed  to  be  constant  during 
that  bseg.  The  Prevent  condition  may  be  further  specialized.  If  the  process  instance 
is  correctly  active  in  at  least  one  bseg,  then  the  problem  is  the  more  specific  Stopped 
condition.  Otherwise  it  is  a  Blocked  condition.  A  Stopped  condition  is  classified  as  a 
Prematiire-stop  if  the  process  stopped  prior  to,  but  on  the  way  to,  stopping  normally.  It 
is  classified  as  a  Chance-stop  if  no  future  stop  was  anticipated,  that  is,  it  was  not  heading 
for  a  limit  point.  The  evaporation  anomaly  described  above  was  of  type  Premature- stop. 

The  Cause  condition  holds  for  an  inactive  process  instance  if  every  quantity  influenced 
by  that  process  (1)  conflicts  in  the  given  bseg  and  (2)  wcis  observed  to  be  changing  during 
that  bseg.  The  Cause  condition  is  further  specialized  into  two  sub  categories.  It  is  a 
Kept -Going  condition  if  the  process  was  active  during  the  previous  bseg,  the  previous  bseg 
was  correctly  interpreted,  and  the  derivatives  of  all  quantities  influenced  by  the  process 
instance  are  the  same  in  both  the  current  and  previous  bsegs.  It  is  a  Is-Going  condition  if 
the  process  is  never  active  in  any  bseg  of  the  observation,  while  the  quantities  it  influences 
are  observed  to  be  changing  in  some  bsegs  for  which  Nointerprei  is  true. 

7. 1.2. 2  Effects  relation 

The  effects  relations  of  a  process  indicate  how  it  influences  continuous  quantities  when  ac¬ 
tive.  There  are  two  types  of  influence  forms.  Qprop(qi,q2)  indicates  that  qx  is  qualitatively 
proportional  to  qj.  In  QP  theory  this  is  called  an  indirect  influence.  All  else  being  equal, 
qi  will  increase  if  qj  increases  and  decrease  if  q2  decreases.  I+(qi,q2)  indicates  that  the 
derivative  of  qi,  qi,  is  equal  to  the  sum  q^  . . .  -|-  qj  -f  . . .  q^.  In  QP  theory  this  is  called  a 
direct  influence. 

Problems  related  to  incorrect  effects  relations  appear  in  two  forms:  If  processes  are 
believed  active  for  an  uninterpreted  bseg  and  all  of  the  quantities  they  influence  are  chang¬ 
ing  in  a  maxmei  consistent  with  those  influences,  while  other  uninfluenced  quantities  are 
observed  to  be  changing,  then  the  condition  Should-Cause  holds  for  that  bseg.  If  there  are 
quantities  changing  in  an  uninterpreted  bseg  in  accordance  with  influences  from  processes 
believed  to  be  active  in  that  bseg,  while  other  quantities  influenced  by  those  processes  are 
constant  in  the  given  bseg,  then  the  condition  Shouldnt-Cause  holds  for  that  bseg. 

For  example,  if  a  proposed  model  of  osmosis  (solvent  floAving  through  a  membrane) 
incorrectly  states  that  solution  is  flowing,  rather  than  solvent  alone,  it  will  correctly  predict 
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the  change  in  solution  amount  but  incorrectly  predict  that  the  solution’s  concentration  will 
remain  constant.  This  is  a  Should-cause  anomaly,  since  the  osmosis  model  should  cause 
a  change  in  the  concentration  quantity. 

Note  that  these  conditions  are  sensitive  to  the  consistency  of  adjacent  bse^^s.  If  a 
quantity  is  consistently  predicted  to  be  influenced  by  an  active  process  in  one  bseg,  then 
Shouldnt -Cause  will  not  be  true  of  the  next  bseg  if  that  quantity  is  constant  but  predicted 
to  be  changing  during  that  next  bseg. 

7. 1.2. 3  Behavioral  gap 

If  an  anomaly  cannot  be  classified  as  a  specific  problem  with  conditioning  or  effects  re¬ 
lations,  it  is  classified  as  a  behavioral  gap.  A  behavioral  gap  indicates  there  is  a  severe 
problem  with  the  model.  For  example,  if  there  is  a  sequence  of  behavioral  segments  for 
which  Nointerpret  is  true,  it  might  be  the  case  that  the  model  is  incomplete  and  additional 
explanation  hypotheses  are  needed.  This  case  is  currently  not  addressed. 


7.2  First  Principles  Analysis 

A  first  principles  approach  to  revision  is  one  which  depends  strongly  on  the  underlying 
domain  theory,  analyzing  the  causal  structure  supporting  a  flawed  set  of  beliefs  and  using 
only  weak  heuristics  to  guide  search.  It  is  a  powerful  technique  in  that  the  reasons  for  a 
flawed  belief  may  be  identified  explicitly.  Previous  sections  have  described  how  anomalous 
bsegs  are  detected  and  categorized.  This  section  describes  how  those  classifications  may  be 
used  to  propose  revisions  to  a  flawed  process  description. 

There  are  five  types  of  revision  hypotheses,  which  either  Add,  Remove,  or  Chemge  ele¬ 
ments  of  a  flawed  theory: 

•  Quantity  condition  modification.  Add  or  remove  a  quantity  condition  for  a  specified 
process  (e.g.,  Greater-than(qi,q2)). 

Propof  e(idd iQC(,inequalityiquaniityi ,  ,  process) ,  theory)  ) 

•  Precondition  modification.  Add  or  remove  a  precondition  for  a  specified  process  (e.g.. 
Valves- Open  (/Zutd'pat/i)  ). 

Propose  (Add  [PC  (atomic-sentence,  process),  theory)) 

e  Effect  modification.  Add  or  remove  an  effect  relation  of  a  specified  process  (e.g., 
Qpropfqi.qj)). 
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Propose(Add[Elfect(xn/!uence,  process),  theory]) 

•  Participants  modification.  Chcinge  the  individuals  taking  part  in  a  specified  process. 
Propo6«(ChangeClndividual(o6joj(j,  process) .Individual (o6j^,  process),  theory]) 

•  Merge  models.  Recursively  invoke  the  normal  interpretation  process  to  augment  the 
existing  theory  and  incrementally  develop  a  complete  global  interpretation.  For  ex¬ 
ample,  f\illy  explaining  a  single  observation  possessing  both  thermal  and  chemical 
aspects  may  require  multiple  analogies. 

At  this  time,  only  modification  of  conditioning  relations,  effects  relations,  and  a  process’ 
participatory  objects  will  be  considered.  Full  recursive  invocation  of  PHINEAS,  leading  to 
integration  of  multiple  models  of  the  observation  is  an  important  problem,  but  beyond  the 
scope  of  this  thesis. 

The  ability  to  examine  the  behavior  history  is  central  to  this  process.  If  a  model  is 
inconsistent  with  some  state,  what  the  behavior  and  model  were  doing  in  the  previous 
state,  as  well  as  in  the  next  state,  will  have  a  lot  to  say  about  the  problem.  Static  analysis 
of  a  single  anomalous  state  lacks  important  contextual  information  that  may  rule  out  many 
revision  hypotheses.  For  example,  suppose  a  quantity  is  decreasing,  which  is  consistent  with 
the  model,  then  suddenly  stops  while  the  model  states  it  should  continue  to  decrease.  The 
quantity  may  have  reached  an  important  limit  point.  From  the  prior  history,  it  is  clear  that 
if  such  a  limit  point  was  reached,  it  was  approached  from  above,  not  below.  Thus,  QCCq  > 
l(q)]  is  a  potential  new  quantity  condition,  while  QC[q  <  l(q)]  is  not. 

Revision  hypotheses  are  proposed  by  running  a  set  of  rules  that  examine  the  failure 
category,  the  observed  behavior,  and  the  theory’s  predictions.  The  r\iles  described  below 
are  fully  implemented,  but  the  current  set  is  incomplete.  Therefore,  a  representative  sample 
will  be  described.®  In  describing  these  rules,  a  number  of  quantified  variables  are  used,  th 
is  the  theory  under  investigation,  pi  is  a  process  instance  that  is  part  of  the  theory,  s ,  si , 
s2  ...  are  behavioral  segments  of  the  observation,  and  q  denotes  a  quantity. 

7.2.1  Conditioning  relations 

Revision  of  a  process’  conditioning  relations  is  sanctioned  when  an  anomaly  is  associated 
with  one  of  the  Prevent  or  Cause  categories.  The  revision  proposal  rules  examine  the 
predicted  activity  of  the  process  and  compare  that  to  its  apparent  activity  as  indicated  by 
the  observation. 

*Some  of  the  rules  described  were  originally  developed  by  Shankar  Rajamoney.  Rajamoney  (1988b)  is 
examining  the  same  revision  problem  from  a  different  perspective. 
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7. 2. 1.1  Prevent  category 


A  prevent  condition  occurs  when  a  process  is  believed  active  when  the  behavior  indicates 
it  is  inactive.  If  the  behavior  indicates  the  process  has  transitioned  from  active  to  inactive, 
or  is  inactive  and  will  become  active  at  some  latter  time,  then  the  process  is  in  a  temporary 
stopped  condition. 

The  following  rule  addresses  the  case  of  a  process  failing  to  transition  from  active  to 
inactive. 

Rule  1  (Approaching  from  above)  If  a  quantity  is  decreasing  and  then  prematurely 
stops,  it  may  have  reached  an  important  limit  point,  limit  (q),  that  the  quantity  must  be 
greater  than. 

Behavior-Indicatesfth,  Duxing(Prematuxe-Stop(pi) ,  s2)]  A 
Process-Influences (pi,  q)  A 

Observed CDuring(Decreasing(q) ,  si)]  A  Heets(sl,  s2) 

=>  Pxopose(lddCQC(Gxeater-than[q,  limit(q)],  pi),  th]) 

The  rule  applies  to  a  situation  where  pi,  which  influences  quantity  q,  prematurely 
stopped  and  q  was  decreasing  in  the  previous  bseg.  It  proposes  adding  a  quantity  condition 
that  requires  q  to  be  greater  than  some  limit  value  for  that  quantity  (yet  to  be  determined). 
A  reciprocal  rule  adds  a  Less-than  quantity  condition  if  the  quantity  was  increasing  in  the 
previous  state. 

A  specialization  of  this  rule  accounts  for  two  quantities  of  the  same  type  approaching 
each  other  toward  equality: 

Rule  2  (Dual  approach)  If  a  quantity  decreasing  for  one  object  and  increasing  for  an¬ 
other  object  prematurely  stop  at  the  same  instant  they  reach  equality,  it  may  be  that  the 
decreasing  quantity  must  be  greater  than  the  increasing  quantity  for  the  process  to  be  active. 

Behavior- Indicates [th,  OuzingCPrematuze-StopCpi) ,  s2)]  A 
Process-Influences (pi,  q(objl))  A  Process-Influences (pi,  q(obj2))  A 
Observed [During(Decreasing(q(obj 1) ) ,  si)]  A 
0bservedCDuring(Increasing(q(obj2)),  si)]  A  Heets(sl,  s2) 

=>  Pzopose(AddCqc(Greater-than[q(objl) ,  q(obj2)],  pi),  th] ) 

A  process’  activity  may  also  be  conditioned  on  an  equality  relationship  between  two 
quantities: 

Rule  3  (Transition  from  equality)  If  an  equality  transitions  to  inequality  at  the  same 
moment  a  process  prematurely  stops,  that  equality  may  be  a  prerequisite  for  the  process’ 
activity. 
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Behavior-Indicates [th,  DuringCPremature-StopCpi) ,  s2)]  A 

Observed[Duxing(Constimt(ql) ,  si)]  A  ObservedCDuringCEqual-toCql ,q2) ,  si)]  A 
Observed [During (-lEqual- to (ql,  q2),  s2)]  A  MeetsCsl,  s2) 

=>  Propose (Add [QC(Eqaal-to[ql,  q2] ,  pi),  th]) 

When  the  behavior  indicates  a  process  should  never  be  active,  while  the  process  is 
believed  to  be  active  during  periods  of  the  observation  (i.e.,  Blocked),  a  precondition  may 
be  absent.  Preconditions  state  important  physical  conditions  whose  change  cannot  be 
predicted  in  terms  of  chajiges  to  continuous  quantities  (e.g.,  a  switch  being  on  or  oif). 

Rule  4  (Missing  precondition)  If  the  behavior  indicates  a  process  is  blocked,  an  un¬ 
known  condition,  c,  for  the  process’  activity  may  not  hold  in  the  scenario. 

Behavior-Indicates [th,  Blocked(pi)] 

=>  Propose(AddCPC(c(pi) ,  pi),  th] ) 

7. 2. 1.2  Cause  category 

A  cause  failure  occurs  when  a  process  is  believed  inactive  when  the  behavior  indicates  it 
is  active.  If  the  process  incorrectly  transitions  &om  active  to  inactive,  then  the  anomaly  is 
a  kept -going  condition. 

Rule  5  (Unnecessary  greater-than  condition)  If  a  process  transitions  from  active  to 
inactive  due  to  a  greater-than  quantity  condition,  while  the  behavior  indicates  a  kept -going 
condition,  that  quantity  condition  may  be  unnecessary. 

Behavior-Indicates [th,  During(Kept-Going(pi) ,  82)]  A 
QC(Greater-than[ql,  q2] ,  ?pi)  A 
0b8erved[During(Greater-than(ql,q2) ,  si)]  A 
0bserved[DaTing(Eqaal-to(ql,q2) ,  s2)]  A  Meets(sl,  s2) 

=>  Propose (Remove [QC (Greater-than [q,  limit(q)],  pi),  th]) 

A  reciprocal  riile  removes  a  Less-than  quantity  condition  if  it  was  the  reason  for  a  pro¬ 
cess  stopping  in  a  kept -going  state.  Two  other  rules  remove  equality  quantity  conditions 
whose  change  to  inequality  was  the  reason  for  a  process  stopping  in  a  kept-going  state. 

If  a  process  description  contains  an  unnecessary  precondition,  failure  of  that  precondi¬ 
tion  will  lead  to  occasions  when  the  process  is  incorrectly  classified  as  inactive  throughout 
a  given  scenario  (the  is-going  category): 

Rule  0  (Spurious  precondition)  If  the  behavior  indicates  a  process  is  active,  while  the 
process  is  believed  to  be  inactive  throughout  the  scenario  (i.e.,  is-going^,  one  of  the  process’ 
preconditions  may  be  unnecessary. 

Behavior-Indicates [th,  l8-Going(pi)]  A  PC(c,  pi) 

=>  Propose(Remove[PC(c,  pi),  th] ) 
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7.2.2  Effects  relations 


A  should-cause  condition  occurs  when  a  process  correctly  predicts  the  behavior  of  all 
quantities  it  influences,  yet  other  quauitities  are  observed  to  be  changing  that  the  process 
does  not  influence. 

Rule  7  (Missing  proportionality)  If  an  uninfluenced  quantity  is  observed  to  be  chang¬ 
ing,  it  may  be  proportional  to  an  influenced  quantity  that  is  changing. 

Behavior-Indicates  [th,  Should-causefpi)]  A 
Process-Influences (pi,  ql)  A  -iProcess-InlluencesCpi,  q2)  A 
During(ictive(pi) ,  s)  A 

Observed [DuringdncreasingCql) ,  s)]  A  Observed CDuring(Increasing(q2) ,  s)] 

=>  Propose(iddCElfect(Qprop(q2,ql)  pi),  th] ) 

Three  other  rules  treat  the  various  permutations  possible  (e.g,,  ql  increaising  and  q2 
decreasing  leads  to  a  qprop-(q2,ql)  (inversely  proportional)  being  proposed). 

A  shouldnt -cause  condition  occurs  when  a  process  correctly  predicts  the  behavior  of 
some  of  the  quantities  it  influences,  while  the  other  quantities  it  influences  are  observed  to 
be  constant. 

Rule  8  (Spurious  proportionality)  If  an  influenced  quantity  is  observed  to  be  constant 
while  the  quantity  it  is  proportional  to  is  changing,  the  belief  in  the  proportionality  may  be 
incorrect. 

Behavior- Indicates [th,  Shouldnt-causeCpi)]  A 
Effect (QpropCql  q2),  pi)  A  DnringCictiveCpi) ,  s)  A 

Observed CDuring(Constant(ql) ,  s)]  A  0bserved[During(-'Constant(q2) ,  s)] 

=>  Propose(RenoveCEffect(qprop(ql,q2)  pi),  th]) 


7.2.3  Participants 

Some  should-cause  or  shouldnt-cause  conditions  are  due  to  the  process  describing  the 
behavior  of  the  wrong  set  of  individuals.  For  example,  when  two  objects  or  quantities  are 
closely  related  (e.g.,  a  solution  and  its  solvent),  a  misaligned  analogical  mapping  may  be 
formed  which  places  the  wrong  target  item  in  correspondence  with  a  given  base  item.  The 
problem  might  be  detected  when  the  target  item  fails  to  support  the  required  predictions. 
Only  the  decomposition  rule  has  been  used: 

Rule  9  (Decomposition)  If  the  amount  of  a  mixture  is  correctly  believed  to  be  changing, 
but  the  belief  that  the  relative  proportions  of  the  mixture’s  constituents  are  constant  is 
incorrect,  it  may  be  that  the  amount  of  a  constituent  alone  is  changing,  rather  than  the 
mixture  as  a  whole. 
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Behavior-Indicates [th.  Should- cause (pi)]  A 
Individual (m,  pi)  A  ?'ixture(m)  A  Component -of (m,  c)  A 
Process-Influences (pi,  Amount-of (m))  A 
Observed CDuring(Oecreasing(l jount-of(ffl)) ,  s)]  A 
TpredictionCth,  During(Decreasing(Amount-of(m)) ,  s)]  A 
Observed CDuring(Decreasing(Percentage-of(c)),  s)]  A 
TpredictionCth,  During(Constant(Percentage-of (m)) ,  s)] 

=>  Propose(Change [Individual (m,  pi),  IndividuaKc,  pi),  th]) 


7.2.4  Closed  Container  Example 


Let  us  return  to  the  situation  described  at  the  beginning  of  this  chapter,  in  which  al¬ 
cohol  in  a  closed  container  violated  PHINEAS’  model  of  evaporation.  The  first  step  in 
revising  the  model  is  to  classify  the  apparent  anomaly.  In  this  example,  the  problem  is  a 
premature-stop:  the  model  predicted  that  the  amount  of  alcohol  would  decrease  until  the 
container  was  empty;  the  observation  showed  the  alcohol’s  decrease  stopped  well  before  its 
amount  reached  zero. 


The  second  step  is  to  run  the  revision  rules.  For  a  premature-stop,  this  requires  con¬ 


sideration  of  the  various  quantities’  behavior  immediately  prior  to  the  stop.  The  complete 
set  of  proposed  revisions,  in  conjunction  with  the  behavior  that  suggested  each  revision,  is 


shown  in  the  following  table: 


Derivative  Value 
Da Cimount-of (alcoholl)J  -1 
Da [Amount-of (sk-steaml-l)]  1 

Da [PreaaureCalcoholl)]  -1 
Da [PressureCak-steaml-l)]  1 
Da [Temperatux«(alcoholl)]  -1 
Da [Haat(alcoholl)]  -1 


Proposed  Additions _ 

QC(Greater-than [Amount-of (alcoholl) ,limit(alcoholl)] ) 
QC(Les8-than[Afflount-of Isk-steaml-l) , limit (ak-steaml-l)] ) 
QC(6reater-than [Amount-of (alcoholl) , Amount-of (ak-ateaml-l)] ) 
qc(Greatar-than[Pre88ure(alcoholl) .limit (alcoholl)] ) 
QC(Le88-than[Pre88ure(8k-8teaml-l) ,limit(8k-8teaml-l)] ) 
qC(Greater-than[Temperature(alcoholl) , limit (alcoholl)] ) 
qC(Greater-than[Heat(alcoholl) .limit (alcoholl)] ) 


Each  of  the  seven  proposed  revisions  will  enable  PROCESS-3318  to  consistently  explain 
the  observed  behavior.  The  question  remaining  is  how  to  choose  which  revision  to  make. 
Notice  how  some  revisions  seem  more  implausible  than  others  (e-g-, 
QC(Gr0at«r-thanCAmount-of  (alcoholl)  ,limit(alcoholl)]  )).  This  is  the  topic  of  the  next 
two  sections. 


7.3  Precedent- Guided  Revision 

While  first- principles  analysis  is  able  to  identify  the  set  of  possible  revisions  for  a  flawed 
theory,  it  has  two  important  limitations.  First,  it  offers  no  preferential  ordering  on  a  set  of 
revision  hypotheses.  Second,  mzmy  of  the  revisions  it  proposes  contain  unknown  quantities. 
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expressed  as  skolem  functions  over  an  existing  quantity.  For  example,  the  approaching  from 
above  rule  proposes  the  quantity  condition  Greater-thamCq,  limit(q)]. 

Precedent-guided  revision  addresses  both  limitations  by  recognizing  that  experience  is  aji 
important  factor  in  selecting  among  alternative  revisions.  First,  it  ranks  revision  hypotheses 
according  to  their  experiential  plausibility  by  seeking  understood  behavior  that  is  analogous 
to  the  current  anomaly.  Second,  adapting  explanations  of  analogous  behavior  often  attaches 
known  concepts  to  the  unknown  quantities  proposed  by  the  first-principles  analysis.  For 
example,  a  quantity  condition  mapped  from  a  prior  explanation  will  have  a  known  quantity 
in  place  of  limit (q)  in  Greater-thanCq,  limltCq)]. 

The  procedure  is  an  adaptation  of  PHINEAS’  normal  explanation  process: 

1.  Identify  the  aspect  of  the  current  behavior  that  is  anomalous. 

2.  Access  potential  cinalogues,  requiring  that  the  behavioral  mapping  contain  the  anoma¬ 
lous  aspect  of  the  current  behavior.  This  uses  PHINEAS’  standard  access  mechanism, 
with  a  candidate  analogue  rejected  if  the  behavioral  match  fails  to  contain  a  corre¬ 
spondence  for  the  anomalous  aspect  of  the  current  situation. 

3.  Identify  what  explciined  the  relevtint  aspect  of  the  analogue  behavior.  Once  the 
relevant  aspect  of  the  analogue  behavior  is  detected  during  access,  the  underlying 
explanation  for  that  component  of  its  behavior  may  be  retrieved.  This  uses  the  same 
explanation  retrieval  mechanism  used  during  PHINEAS’  normal  mapping  process. 

4.  Map  those  explanation  components  to  the  current  situation. 

5.  Propose  the  mapped  elements  as  plausible  revisions  to  the  flawed  theory  under  inves¬ 
tigation. 

The  only  component  of  this  process  that  heis  not  been  described  in  previous  chapters  is 
the  first  -  identify  the  anomalous  aspect.  This  information  is  provided  by  the  observation, 
registration  and  failure  categorization.  The  process  is  best  demonstrated  by  example. 

7.3.1  Closed  Container  Example 

Recall  that  the  closed  container  anomaly  for  PROCESS-3318  was  a  premature-stop  failure. 
In  terms  of  the  specific  situation,  this  indicates  that  the  four  liquid  alcoholl  quantities  ( 
Aoount-ol,  Pressure,  Temperature,  and  Heat)  were  decreasing,  the  two  geis  sk-steaml-1 
quantities  (  Amount-of  and  Pressure)  were  increasing,  and  the  behavior  stopped  prior  to 
the  amount  of  liqmd  reaching  zero.  Thus,  an  understood  behavior  is  sought  which  must 
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provide  a  “decreasing  eind  transitioning  to  stopped  prior  to  reaching  zero”  analogue  for 
the  amount  of  alcoholl.  Recall  from  Chapter  4  that  PHINEAS  knows  of  four  analogues 
to  the  disappearing  alcohol  scenario:  water  flowing  from  a  leaky  cup,  water  flow  between 
two  conttiiners,  boiling,  and  dissolving.  Not  all  of  these  analogues  display  the  requisite 
behavioral  aspect.  The  leaky  cup  scenzirio  stops  when  the  amount  of  water  reaches  zero. 
This  is  precisely  the  kind  of  behavior  that  is  not  relevant  to  explaining  the  current  failure. 
The  same  reasoning  rejects  boiling  as  a  relevant  cinalogue.  Mapping  the  liquid  flow  and 
dissolving  domain  theories  suggests  two  possible  revisions: 

Liquid  Flow:  QC(GTaat«r-thanCPr6SSura(alcoholl) ,PrassuTe(sk-staaffil-l)]  ) 

Dissolving:  QC(Lass-thanCAinount-of  (sk-staaml-l)  ,Saturation-Poixit(sk-staaml-l)]  ) 

The  pressure  inequality  condition  mapped  from  the  liquid  flow  situation  is  inconsistent 
with  the  observation.  Since  the  pressure  at  the  bottom  of  the  liquid  alcohol  is  always 
greater  than  the  pressure  of  the  gas  alcohol,  a  transition  to  equality  never  occurred.  The 
saturation  point  condition  suggested  by  dissolving  replaces  a  less  precise  version  suggested 
earlier: 

QCCLass-than [Amount-of (sk-staaml-l) .limit (sk-staaml-l)] ) 


7.4  Difference-Based  Reasoning 

The  preceding  two  sections  described  formal  and  experiential  grounds  for  generating  and 
ranking  revision  hypotheses.  One  other  importemt  clue  is  often  possible:  can  any  of  the 
novel  features  about  the  situation  itself  be  used  to  explain  the  anomaly?  Specifically,  if  the 
theory  under  revision  ha^  been  used  successfully  in  the  past,  what  is  novel  about  the  current 
situation  that  could  cause  the  observed  change  in  behavior?  By  identifying  and  explaining 
the  effects  of  differences  between  situations  in  which  a  theory  is  applied,  difference-based 
reasoning  (DBR)  provides  empirical  evidence  for  what  revision  hypotheses  to  consider. 

DBR  is  a  general  technique  designed  to  facilitate  the  resolution  of  expectation  failure. 
(Falkenhainer,  1988c)  describes  its  use  in  theory  formation,  diagnosis,  and  planning  fail¬ 
ure  explanation.  It  is  relevant  to  situations  in  which  an  expectation  was  violated  and  an 
instance  of  the  desired  performance  is  available.  In  the  context  of  PHINEAS,  the  expecta¬ 
tion  failure  corresponds  to  violation  of  a  theory  and  the  instance  of  desired  performance 
corresponds  to  a  prior,  successful  application  of  the  theory. 

Here  we  examine  a  very  special  interpretation  of  DBR:  if  the  theory  has  been  used 
successfully  in  the  past  and  a  difference  may  be  identified  between  the  current  and  previ¬ 
ous  situations,  determine  what  quantities  that  difference  has  the  potential  to  affect.  Any 
revision  hypotheses  that  do  not  mention  these  quantities  should  be  discounted. 
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In  PHINEAS,  DBR  consists  of  four  stages: 

1.  Retrieve  a  situation  description  successfully  explained  by  the  theory  under  investi¬ 
gation.  Each  process  description  lists  the  situations  it  has  explained,  just  as  each 
situation  stores  pointers  to  the  domain  theory  that  explained  it. 

2.  Compute  A,  the  set  of  differences  between  the  current  and  retrieved  situations.  This 
computation  is  performed  by  SHE,  where  A  is  defined  to  be  those  aspects  that  failed 
to  be  placed  in  correspondence,  that  is 

where  M  represents  the  analogical  mapping  produced  by  SHE  for  the  ba.se  and  target 
descriptions  Hold  and  Hnev>' 

3.  Use  the  domain  theory  to  predict  the  behavioral  changes  A  could  cause. 

4.  Favor  revision  hypotheses  concerning  quantities  affected  by  A  over  revisions  concern¬ 
ing  unaffected  quantities. 

The  only  component  of  this  process  not  described  previously  is  the  third  -  predict  the 
behavioral  changes  A  could  cause.  In  general,  this  is  a  very  hard  problem.  The  most 
advanced  work  on  this  topic  is  Weld’s  (1988)  comparative  analysis,  a  technique  for  deter¬ 
mining  the  effects  of  qualitative  changes  to  a  system’s  continuous  parameters.  However,  it 
is  not  applicable  to  structural  modifications,  additions,  or  deletions.  In  PHINEAS,  a  sim¬ 
ple  mechanism  for  achieving  the  desired  affect  is  available:  if  the  domain  theory  has  the 
ability  to  predict  behavioral  changes  caused  by  A,  these  changes  will  appear  as  differences 
in  the  theory’s  predictions  for  the  two  situations.^  Hence,  rather  than  explicitly  examin¬ 
ing  all  possible  ramifications  of  A,  the  quantities  empirically  relevant  to  revision  are  those 
for  which  different  behavior  was  predicted.  This  requires  reexplaining  the  prior  situation 
(using  QPE)  and  comparing  that  explanation  to  the  current  anomalous  prediction. 

Note  that  DBR  is  neutral  with  respect  to  revision  hypotheses  involving  quantities  for 
which  the  domain  theory  makes  no  prediction.  Such  hypotheses  may  be  produced  by  the 
precedent-guided  analysis,  which  is  capable  of  introducing  new  quantities. 

*This  only  notes  changes  such  as  constant  to  increasing.  It  does  not  indicate  changes  in  degree,  such  as 
an  increased  rate.  Weld’s  comparative  analysis  would  be  needed  to  detect  such  differences. 
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7.4.1  Closed  Container  Example 


PROCESS-3318,  which  fails  to  predict  the  behavior  of  alcohol  in  a  closed  container,  was 
origincilly  developed  to  explain  an  observation  of  alcohol  in  an  open  container.  Consider 
the  predicted  behavior  for  the  first  state  in  each  of  the  two  scenarios: 


Derivative _ 

Ds [Amount -of (alcoboll)] 

Ds [Imount-of (sk-atoaml-l)] 
Ds[Pre8Buxe(alcoholl)] 

Db  [PTeBBura(B)c-Btaaml-l)] 
Db [Temperature (alcoboll)] 
Da [Heat (alcoboll)] 


Container  Open 
1 

-1 

0 

-1 

-1 


Container  Closed 
^1 
1 

-1 

1 

-1 

-1 


There  is  only  one  change  in  the  model’s  predictions  -  in  an  open  container,  the  gas 
pressure  remains  constant  due  to  the  infinite  capacity  of  the  atmosphere.  Since  closing  the 
container  caused  the  steam’s  pressure  to  rise  where  it  had  not  before,  revisions  based  on 
the  steam’s  pressure  have  empirical  justification.  There  is  only  one: 


QC(Less-than[Pre8Sure(sk-steaml-l) ,liadt(sk-steaml-l)] ) 


Had  the  model  possessed  knowledge  of  alcohol  vapor  concentration  (as  it  learns  from 
the  dissolving  analogy),  the  following  revision  would  be  proposed  as  well: 

qc(L6ss-than [Amount-of (sk-8t«aml-l) ,Saturation-Point(sk-steaml-l)] ) 


7.5  Closed  Container  Example;  Denouement 

When  the  three  revision  techniques  are  combined,  the  following  additions  to  PROCESS-3318 


axe  proposed: 


Proposed  Addition 

F-P 

P-G 

DBR 

qC(Greater-tban[Amount-of (alcoboll) ,llmit(alcoboll)] ) 

V 

qC(LBSs-tban[Amount-of (sk-atoaml-l) ,SatuTation-Polnt(Bk-steaml-l)] ) 

V 

qc(6reater-tban[lmount-of (alcoboll) ,Amount-of(Bk-steaffll-l)] ) 

V 

QC(Groator-tban[PTeBsare(alcoboll) , limit (alcoboll)] ) 

y/ 

qc(Less-tban[Pressura(sk-Btoaml-l) ,lifflit(sk-stoaml-l)] ) 

V 

y/ 

qc(Greater-tban[Temporatura(alcoboll) .limit (alcoboll)]  ) 

V 

qC(Greatar-tban [Boat (alcoboll) .limit (alcoboll)] ) 

V 

Thus,  according  to  the  evidence,  one  of  the  following  proposed  additions  to  PF.'3CESS-3318 
should  be  selected: 

QC(L«ss-than[Pressare(sk-st6aiiil-l)  .linitCsk-staanl-l)]  ) 

QCdass-than  [Amount-of  (sk-staaml-1)  .Saturation-PointCsk-steaml-l)]  ) 
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Since  the  former  requires  postulating  an  unknown  quantity,  the  second  should  be  chosen 
as  the  best  revision  to  make.  Notice  that  because  saturation  Wcis  not  a  concept  present  in 
the  model  under  revision,  DBR  was  unable  to  predict  how  it  would  be  affected  by  a  closed 
container.  Thus,  DBR  neither  supports  nor  discounts  the  second  hypothesis. 


7.6  Perspective 

This  chapter  has  proposed  that  relative  likelihood  measures  for  ordering  potential  revision 
hypotheses  arise  from  experience,  both  with  behavior  emalogous  to  a  given  anomaly  and 
with  prior  applications  of  the  theory  under  investigation.  At  this  time,  it  remains  simply  a 
proposal.  The  first-principles  rules  have  been  fully  implemented.  However,  the  installation 
of  precedent-guided  revision  and  DBR  has  only  recently  begun. 

The  analogy  approach  described  above  is  designed  to  provide  focus  to  an  otherwise  un¬ 
guided  first-principles  technique.  An  alternative  approach  to  this  problem  is  experimentation- 
based  theory  revision  (Rajamoney  et  al.,  1985;  Rajamoney,  1988a),  which  prunes  inconsis¬ 
tent  revision  hypotheses  through  directed  experimentation.®  By  splitting  the  set  of  pos¬ 
sible  revisions  through  discrimination  experiments,  Rajamoney’s  ADEPT  system  is  able  to 
isolate  the  appropriate  change  to  a  flawed  theory.  However,  it  has  the  potential  to  sanc¬ 
tion  many  experiments,  often  on  hypotheses  that  look  silly  to  a  human  observer,  because 
it  lacks  experiential  knowledge  indicating  what  is  likely.  This  was  the  motivation  be¬ 
hind  combining  experimentation-based  theory  revision  with  analogical  hypothesis  genera¬ 
tion  (Falkenhainer  &  Rajamoney,  1988).  These  two  approaches  to  theory  development  are 
complementary.  ADEPT  was  provided  PHINEAS’  aneilogical  mechanism  to  focus  the  revision 
process.  At  the  same  time,  PHINEAS  was  given  the  ability  to  interact  and  ask  questions  of 
the  world  through  ADEPT. 

For  exzunple,  the  union  is  sometimes  crucial  for  analyzing  the  coverage  of  a  model.  An 
analogy  wiU  often  predict  additional,  unobserved  behavior.  Did  this  additional  behavior 
actually  happen,  or  does  the  prediction  represent  a  flaw  in  the  model?  Some  of  these 
predictions  may  be  refuted  logically,  by  relation  to  what  is  already  known.  Others,  however, 
must  be  empirically  tested  by  repeating  the  scenario  if  possible  and  specifically  looking  for 
the  predicted  properties. 

In  one  of  the  implemented  examples,  the  loss  of  alcohol  sitting  in  cin  open  container 
is  explained  as  being  analogous  to  the  vaporization  portion  of  boiling.  When  the  new 
evaporation  model  is  used  to  anticipated  what  should  happen  in  the  given  situation,  a  new 

®An  indepth  study  of  the  revision  problem  may  be  found  in  (Rajamoney,  1988b).  There  he  presents 
two  techniques  not  used  in  PHIHEIS,  active  experimentation  and  exemplar-based  theory  rejection. 
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secondary  prediction  is  produced  -  the  alcohol’s  temperature  must  have  dropped,  due  to 
the  loss  of  latent  heat  during  vaporization.  Since  the  alcohol’s  temperature  behavior  was 
not  originedly  reported,  ADEPT  called  for  the  physical  scenario  to  be  repeated  and  changes 
in  alcohol  temperature  noted.  The  test  confirmed  the  evaporation  theory’s  hypothesis. 
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Chapter  8 

The  PHINEAS  System 


PHINEAS  is  an  explanation  system  which  uses  analogy  as  the  primary  source  of  hypothesis 
generation,  rather  than  one  of  the  more  conventional  abductive,  uniiication-based  methods 
(e.g,,  Charniak,  1972;  DeJong,  1982;  Forbus,  1986a;  Josephson  et  al.,  1987;  Mooney,  1987; 
Pople,  1973;  Reggia,  1983;  Simmons,  1988).  In  preceding  chapters,  the  individual  stages 
embodied  in  PHINEAS  were  presented  sequentially,  showing  how  a  complete  and  consistent 
explanation  of  a  given  observation  is  developed.  This  chapter  discusses  the  process  from  a 
global  perspective.  It  begins  by  reviewing  PHINEAS  in  terms  of  the  programs  comprising  it 
and  describes  how  they  interact.  The  chapter  then  discusses  the  criteria  used  to  prefer  one 
hypothesis  over  another.  This  is  a  primary  determinant  of  how  PHINEAS’  flow  of  control 
moves  £rom  one  stage  to  another  and  from  one  working  hypothesis  to  another.  Finally, 
the  disappearing  alcohol  example  is  presented  in  its  entirety  to  show  how  the  dissolving 
analogue  that  hzis  been  described  in  preceding  chapters  is  but  one  of  several  considered. 


8.1  Program  components 

The  VBAL  approach  to  analogical  learning  and  reasoning  is  knowledge-intensive.  It  re¬ 
quires  the  ability  to  make  analogical  comparisons,  perform  deductive,  abductive,  and  qual¬ 
itative  reasoning,  and  smalyze  the  completeness  of  a  theory  with  respect  to  the  observations 
it  should  explain.  In  support  of  these  tasks,  PHINEAS  uses  three  auxiliary  modules: 

SME:  The  stmcture^mapping  engine  functions  as  the  system’s  mapping  module,  identify¬ 
ing  similarity  and  proposing  candidate  inferences  to  posit  explanations. 
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QPE:  Forbus’  (1986b)  qualitative  process  engine  is  used  to  envision  the  scenario  predictions 
of  a  hypothesized  model. ^ 

DATMI:  Decoste’s  (1989)  dynamic  across-time  measurement  interpretation  pto^iam  serves 
to  relate  observations  of  physical  behavior  to  the  predictions  of  a  qualitative  theory. 

One  of  the  goals  in  the  construction  of  PHINEAS  was  to  apply  the  model  of  analogy 
developed  in  this  thesis  to  a  nontrivial  reasoning  task.  To  that  end,  PHINEAS  embodies 
representation  and  analysis  techniques  &om  the  state  of  the  art  in  qualitative  physics  in 
order  to  maximize  scale  and  generality.  It  is  a  large  program,  consisting  of  over  6,000  lines 
of  CommonLisp  code  and  435  functions.*  When  combined  with  the  other  program  modules 
making  up  the  complete  system  (i.e.,  SHE,  QPE,  and  DATMI),  this  rises  to  39,260  lines  of  lisp 
code  and  3,000  functions. 

A  block  diagram  of  PHINEAS  showing  the  five  primary  stages  of  operation  and  their 
interaction  with  the  various  program  modules  appears  in  Figure  8.1.  These  five  stages 
correspond  to  the  preceding  four  chapters  of  this  thesis: 

1.  Behavior  match.  A  new  observation  triggers  a  search  for  previously  understood 
experiences  that  exhibited  analogous  behavior.  Abstractions  of  the  observed  situation 
and  its  behavior  are  used  to  focus  attention  on  a  potentially  relevant  subset  of  memory. 
Each  experience  in  this  subset  is  then  compared  at  a  detailed  level  to  the  current 
situation,  using  SME  as  the  compuative  mechanism. 

2.  Theory  generation.  The  central  objective  of  the  second  stage  is  to  produce  a  fully 
operational  initial  hvpothesis  about  the  current  domain.  This  heis  two  components. 

(a)  Mapping.  First,  the  models  used  to  explain  analogous  aspects  of  the  recalled 
experience  ue  retrieved  and  SME  is  used  to  analogically  map  these  into  the 
current  domain.  This  mapping  is  guided  by  the  initial  correspondences  found  in 
the  behavioral  comparison. 

(b)  Transfer.  Second,  to  operationalize  the  model,  the  consistency  of  its  expressions 
must  be  ensured  and  amy  unknown  skolem  objects  it  requires  must  be  inferred 
firom  the  domain  theory  or  their  existence  postulated.  A  map  and  analyze  cycle 
may  ensue. 


^QPE,  like  PHIlEiS,  is  actually  a  system  of  programs  consisting  of  the  QPE  code  itself,  deKleer's  ATMS, 
and  Forbus  tc  deKleer’s  rule-based  problem  solver  for  the  ATHS,  called  ATNoSphere. 

*The  number  of  lines  represents  just  lines  of  code.  Blank  lines  and  comment  lines  are  not  included. 
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Figiire  8.1:  Block  diagram  of  the  Phineas  system  modules. 


3.  Gedanken  analysis.  The  operational  model  is  used  to  construct  an  explanation  of 
the  present  observation.  The  model  is  given  to  QPE,  which  generates  an  envisionment 
for  the  model  applied  to  the  observed  physical  configuration.  DATMI  then  compares 
these  predictions  to  the  observation  and  either  determines  that  the  model  is  adequate 
or  identifies  points  of  discrepancy. 

4.  Revision.  If  an  initial  hypothesis  fails,  or  an  old  hypothesis  is  inadequate  for  a 
new  situation,  an  attempt  should  be  made  to  adapt  it  around  points  of  inaccuracy. 
A  model  of  revision  is  advocated  which  relies  on  past  experiences  to  guide  the  for¬ 
mation  and  selection  of  revision  hypotheses.  It  considers  behavior  analogous  to  the 
current  anomaly  eind  considers  how  the  current  anomalous  situation  differs  from  prior 
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situations  that  were  consistently  explained.  This  is  the  only  component  that  is  not 
fidly  implemented. 

While  described  as  a  sequential  process  concerned  with  the  development  of  a  single 
explanatory  hypothesis,  the  program’s  focus  may  change  from  one  hypothesis  to  another. 
At  some  point,  the  cost  ''f  additional  work  on  a  poor  hypothesis  is  outweighed  by  the 
potential  of  other  hypotheses  needing  further  development,  A  prerequisite  to  altering  focus 
is  the  ability  to  evaluate  a  working  hypothesis  and  prefer  one  candidate  over  another.  These 
issues  aire  the  topics  of  the  next  two  sections. 


8.2  Preference  Criteria 

PHINEAS  is  primajily  concerned  with  the  interpretation- construction  task  of  explanation: 
find  candidate  explanations  aind  the  assumptions  on  which  they  rest.  However,  a  system 
that  exhaustively  generated  an  unordered  set  of  possible  hypotheses  would  not  be  of  much 
use.  It  should  focus  on  the  most  promising  explanations  first  and  provide  a  preferential! 
ordering  on  fully  developed  hypotheses. 

Two  generad  types  of  preference  criteria  are  used  in  PHINEAS.  During  the  early  stages 
of  hypothesis  development,  the  only  preferential  guidance  available  is  the  degree  of  sim¬ 
ilarity  between  a  candidate  analogue  and  the  current  situation.  This  is  represented  by 
she’s  evaluation  score  for  the  behavioral  and  structural  match  between  the  two  situations 
computed  during  access.  When  determining  which  of  two  candidate  ainadogues  to  consider 
next,  the  one  with  the  higher  similarity  score  is  chosen.  This  metric  supports  the  similarity 
conjecture  stated  in  Chapter  1,  which  proposes  that  interpretation-construction  tarks  may 
be  characterized  ais  the  search  for  maximad,  explainatory  similarity  between  the  situation 
being  explained  and  some  explainable  scenairio. 

Once  am  actuad  hypothesis  has  been  formed  (i.e.,  the  result  of  tramsfer),  the  preference 
criterion  must  change  to  consider  the  characteristics  of  the  hypothesis  itself.  A  complete 
account  of  theory  selection  reqiiires  consideration  of  mamy  complex  factors,  such  ns  a  the¬ 
ory’s  plausibility,  coherence,  effect  on  prior  beliefs,  simplicity,  amd  specificity  in  accounting 
for  the  phenomenon.  Unfort imately,  these  aire  significamt  open  research  problems  in  their 
own  right,  amd  certainly  beyond  the  scope  of  this  thesis.  However,  a  number  of  important, 
more  specific  preference  criteria  aire  readily  avadlable  amd  have  been  found  usefail  in  PHINEAS 
for  establishing  preference  between  competing  hypotheses.  These  are: 

CcE  Conjectured  entities.  Does  the  hypothesis  conjecture  the  existence  of  a  novel  kind  of 
entity,  and  if  so,  how  mamy? 


149 


CvE  Vocabulary  extensions.  Does  the  hypothesis  require  the  creation  of  new  predicates, 
and  if  so,  how  many? 

CcA  Composite  assumptions.  Does  the  hypothesis  conjecture  the  existence  of  new  physical 
processes  or  new  knowledge  structures  (e.g.,  schemas,  etc.),  and  if  so,  how  many? 

Cae  Assumed  entities.  Does  the  hypothesis  assume  the  presence  of  a  known  type  of  entity 
not  mentioned  in  the  original  scencirio  description,  and  if  so,  how  many? 

Caa  Atomic  assumptions.  Does  the  hypothesis  make  additional  assumptions  about  the 
properties  and  interrelationships  of  objects  in  the  scenario,  and  if  so,  how  many? 

The  single  preference  criterion  used  to  evaluate  a  hypothesis  or  compare  two  competing 
hypotheses  is  a  function  of  these  five.  The  method  for  combining  them  is  adapted  from 
Michalski  (1983),  who  describes  the  use  of  a  lexicographic  evaluation  functional  (LEF)  for 
evaluating  alternate  inductive  concept  descriptions.  A  LEF  is  a  list  of  elementary  criterion- 
tolerance  pairs,  in  which  each  elementary  criterion  is  applied  sequentially  to  prune  the  space 
of  hypotheses.  In  PHINEAS,  the  elementciry  preference  criteria  are  ordered  according  to  an 
approximate  measure  of  decreasing  “cost”: 

LEF  =  (CcE,  CvE,  CcA^  Cae,  Caa) 

Thus,  an  explanation  which  postulates  the  existence  of  a  novel  kind  of  entity  {Cce)  is  at 
all  times  deemed  inferior  to  one  which  does  not.  Each  criterion  returns  a  number  (N  > 
0)  as  described  above,  where  a  value  of  zero  indicates  success  and  a  value  greater  than 
zero  indicates  failure.  The  LEF  is  used  to  select  the  most  preferable  explanation(s)  from 
a  given  set  as  follows:  First,  each  proposed  explanation  is  evaluated  by  criterion  Cce  and 
those  that  pass  Cce  are  retained.  The  process  is  repeated  with  the  next  criterion  on  the 
set  of  retained  hypotheses  until  only  a  single  hypothesis  remains  or  the  list  of  criteria  is 
exhausted.  If  at  any  point  all  hypotheses  evaluated  by  a  particular  criterion  fail,  the  process 
stops  and  the  current  set  is  returned  in  increasing  order  according  to  their  score  N  for  that 
criterion. 

This  evaluative  function  produces  an  interesting  property  when  viewed  from  the  per¬ 
spective  of  the  four  explanation  scenarios  described  in  Chapter  1: 

1.  Deductive  scenario.  Given  phenomenon  V,  where  V  represents  a  set  of  observables, 
a  complete  explanation  of  V  deductively  follows  from  existing  knowledge.  This  cor¬ 
responds  to  explanations  pzissing  every  criterion. 
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2.  Assumption  scenario.  No  explanation  can  be  grounded  with  current  knowledge  be¬ 
cause  not  all  of  the  relevant  facts  are  known.  However,  a  complete  explanation  follows 
from  the  union  of  existing  knowledge  and  a  consistent  set  of  assumptions  about  the 
missing  facts.  This  corresponds  to  explanations  passing  every  criterion  but  one  of  the 
last  two,  Cae  and  C^x- 

3.  Generalization  scenario.  Existing  knowledge  indicates  that  c<indidate  explanation 
£  cajinot  apply  because  condition  Ci  is  known  to  be  false  in  the  current  situation. 
However,  £  does  follow  if  condition  Ci  is  replaced  by  the  next  most  general  relation, 
since  Cj’s  sibling  is  true  in  the  current  situation.  This  corresponds  to  explajiations 
passing  the  first  two  criteria,  Cce  and  Cve,  hut  failing  Cca,  in  which  a  knowledge 
structure  is  viewed  as  “new”  if  it  represents  a  modification  of  an  existing  knowledge 
structure.^ 

4.  Analogy  scenario.  No  candidate  explanation  £  is  available  directly,  but  explemation 
£b  is  available  if  a  series  of  analogical  assumptions  are  made,  that  is,  if  the  situation 
explained  by  £(,  is  assumed  analogous  to  the  current  situation.  This  corresponds  to 
explanations  failing  one  of  the  first  three  criteria,  Cce^  GvEi  or  Cca- 

The  evaluative  function  causes  PHINEAS  to  propose  standard,  deductive  explanat.ons  if 
found.  In  their  absence,  conventional  abductive  explanations  will  be  preferred.  If  existing 
theories  are  insufficient  to  provide  an  explanation,  explanations  adapting  knowledge  of 
potentially  analogous  phenomena  will  be  offered.  By  using  analogy  as  the  single  source 
for  explanation  generation,  PHINEAS  is  able  to  offer  a  “best  guess”  in  the  presence  of  an 
imperfect  or  incomplete  domain  theory. 


8.3  Flow  of  Control 

In  addition  to  theory  selection,  preference  criteria  are  important  for  guiding  PHINEAS  toward 
developing  the  most  promising  hypotheses  first.  PHINEAS’  globed  operation  is  controlled  by 
a  task  agenda,  which  maintains  an  ordered  sequence  of  task-hypothesis  pairs.  Multiple 
hypotheses  in  various  stages  of  development  may  exist  at  any  one  time.  The  task  agenda 
ordering  determines  which  hypothesis  to  expend  effort  on  next,  enabling  the  program’s 
focus  to  change  from  one  hypothesis  to  another.  Repeatedly,  the  task-hypothesis  pair  at 

^The  issue  of  whether  to  actually  create  a  new  knowledge  structure  or  modify  the  existing  one  is  an 
important  but  orthogonal  issue.  Here  we  are  concerned  with  hypothesis  evaluation  rather  than  storage  of 
an  accepted  hypothesis. 
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Priority 
1 _ 


Revise 


Figure  8.2:  PHINEAS  task  scheduling. 


the  front  of  the  agenda  is  selected  and  executed,  resulting  in  further  development  of  its 
corresponding  hypothesis.  This  task  may  in  turn  spawn  other  tasks,  modify  tasks  waiting 
for  execution,  or  signal  the  acceptance  of  a  hypothesis,  which  halts  the  cycle. 

Each  task  is  given  a  priority  level  giving  rise  to  the  priority  lattice  shown  in  Figure  8.2. 
Lower  priority  numbers  indicate  increasing  precedence.  In  addition  to  their  normal  priority 
levels,  the  mapping  and  transfer  tasks  have  an  auxiliary  score  for  sorting  tasks  within  the 
same  priority  level.  This  auxiliary  score  is  SME’s  evaluation  score  for  the  behavioral  and 
structural  match  between  the  current  observation  and  the  task’s  associated  analogue. 

There  are  eight  task  types  currently  used  in  PHINEAS:  access,  mapping, 
form-unique-mappings,  transfer,  simulate,  simulate-poor,  revise,  and  decision-pool. 
The  function  of  most  of  these  should  be  evident  from  their  name.  For  example,  the 
transfer  teisk  may  be  paraphrased  as: 

Task  TRANSFER:  Given  candidate  inference  CJ, 

For  each  theory  T  6  Transfer  (CJ) 

If  Poor-hypothesis? (70 
then  Sched'ale(Siaalate-Poor(70  f  5) 
else  Schedule(Sianlate(70>  1) 

The  tremsf  er  task  produces  a  set  of  operational  theories  from  a  given  candidate  in¬ 
ference  and  then  schediUes  each  of  those  theories  for  simulation.  If  transfer  produces  a 
poor  hypothesis,  the  subsequent  simulate-poor  task  is  given  a  priority  of  5.  Otherwise, 
the  simulate  task  is  given  a  priority  of  1.  A  poor  hypothesis  is  defined  as  one  which 
contains  conjectured  entities  {Cce)  or  reqmrcs  the  creation  of  new  predicates  (Cy^;).  The 
two  simulate  tasks  are  identical  except  that  simulate-poor  additionally  reschedules  all 
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other  simulate-poor  tasks  waiting  on  the  agenda  to  be  normal  simulate  tasks.  Due  to 
the  priority  arrangement,  the  execution  of  a  simulate-poor  task  indicates  that  there  are 
no  “good”  hypotheses  available.  In  such  a  situation,  all  “poor”  hypotheses  are  recl2issifled 
as  “good”. 

f orm-unique-mappings  is  invoked  when  a  behavioral  comparison  is  ambiguous,  pro¬ 
ducing  multiple  correspondence  sets.  At  times,  multiple  behavioral  matches  support  the 
same  candidate  inference.  Hence,  mapping  is  applied  to  each  and  their  resulting  c2Lndidate 
inferences  compared,  with  duplications  removed. 

decision-pool  is  a  decision-making  task  applied  to  hypotheses  found  to  be  adequate 
during  the  simulation  phase.  Its  priority  level  is  set  such  that  when  a  decision-pool  task 
reaches  the  front  of  the  agenda,  aU  hypotheses  to  be  considered  have  completed  at  least  the 
transfer  phase  of  development.  The  decision-pool  task  collects  aU  adequate  explanations 
existing  on  the  task  agenda  and  applies  the  LEF  described  above  to  this  set.  The  best 
explanation(s)  according  to  the  LEF  are  returned  as  PHINEAS’  proposed  explanation(s)  of 
the  observed  phenomenon  and  the  cycle  halts. 

This  priority  setting  for  decision-pool  is  chosen  primarily  to  enable  observation  of 
PHINEAS’  operation  across  the  entire  space  of  possibilities.  It  ensures  that  all  of  the  initial 
analogues  proposed  by  access  complete  at  leeist  the  transfer  phase.  This  results  in  the 
extra  work  of  developing  all  these  hypotheses,  but  enables  application  of  the  LEF  to  a 
well-developed  candidate  set.  H  a  more  best-first  approach  is  desired,  then  the  priority 
of  decision-pool  may  be  set  to  0,  causing  immediate  acceptance  of  the  first  adequate 
hypothesis  developed. 


8.4  Disappearing  Alcohol  Observation:  Reprise 

The  disappearing  alcohol  example  described  at  various  points  in  preceding  chapters  will 
now  be  presented  in  its  entirety,  showing  the  different  hypotheses  PHINEAS  considers,  how 
it  moves  from  one  hypothesis  to  another,  and  how  it  makes  its  final  selection(s). 

The  explanation  process  begins  with  a  statement  of  the  observation,  which  is  given  in  its 
entirety  in  Figure  8.3.  At  this  point  in  the  thesis,  the  reader  has  probably  assumed  that  the 
observation  corresponds  to  evaporation.  There  are  two  important  items  to  consider  about 
the  observation  and  PHINEAS’  approach  to  it.  First,  evaporation  is  only  one  of  the  possible 
explanations  consistent  with  the  given  information.  Second,  PHINEAS  does  not  possess 
knowledge  about  evaporation,  so  it  must  examine  the  situation  from  that  perspective.  At 
this  point,  PHINEAS’  task  queue  contains:^ 

^Hete  I  am  showing  the  task  forms  exactly  as  they  appear  when  printed  by  PHIHEAS.  The  first  number  is 
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Figure  8.3:  The  “disappearing  alcohol”  scenario  description  and  its  corresponding  observed 
behavior.  The  amount  of  alcohol  in  an  open  beaker  is  decreasing  at  a  constant  rate.  This 
activity  stops  when  the  amount  of  alcohol  equals  zero. 


(7  0.0  (ACCESS  OBS#OPEI-1LCOHOL) ) 

The  access  task  operates  in  two  steps  (Chapter  4).  First,  the  behavioral  abstractions 
of  the  observation  are  used  to  activate  prior  experiences.  Second,  SHE  is  used  to  provide  a 
closer  examination  of  the  N  (15)  most  activated  experiences,  resulting  in  their  rank  ordering 
and  an  initial  set  of  correspondences  between  the  current  observation  and  each  retrieved 
scenario.  The  four  possibilities  discovered  and  their  SME  scores  are  shown  in  Figure  8.4.  At 
this  point,  PHINEAS’  task  queue  contains: 

(4  16.73  (HAPPIIG  MlP(BS«g#BOILIIG-BEHAVIOR,BSegiOPEI-ALCOHOL-BEHAVIOR))) 

(4  14.90  (HAPPIIG  HAP(BS«giLiqniO-DRAIIIIG-BEHAVIOR.BSeg»OPEI-ALCOHOL-BEHAVIOR))) 
(4  12.62  (HAPPIIG  HAP(BS«giOISSOL7E-BEEA7IOR,BS«g«OPEI- ALCOHOL-BEHAVIOR) ) ) 

(4  11.06  (HAPPIIG  HAP(BS«gf2-C0ITAIIER-LF,BS«g»0PEI-ALC0H0L-BEHAVI0R))) 

In  executing  the  fi^rst  mapping  task,  PHIHEAS  is  given  the  behavioral  mapping  compar¬ 
ing  the  current  opan-alcohol -behavior  observation  to  the  recalled  boiling-behavior 
experience.  This  experience  describes  a  pan  of  water  that  is  boiling  on  a  stove.  The  first 
step  in  mapping  it  to  the  current  situation  is  retrieving  the  domain  theory  used  to  explain 

the  priority  level  (one  represents  the  highest  possible  priority),  the  second  number  is  the  auxiliary  auxiliary 
score  for  sorting  tasks  within  the  same  priority  level.  0BS90PEI-ALC0H0L  indicates  the  presence  of  a 
LISP  structure  holding  the  data  for  the  observation  “open-alcohol”. 


Figiire  8.4:  Candidate  analogues  for  the  “disappearing  alcohol”  scenario  returned  by  the 
access  task. 


analogous  aspects  of  its  behavior.  In  this  case,  there  were  three  processes  used  in  the  prior 
boiling  explanation:  boiling,  heat  flow,  atnd  heat  replenish.  The  boiling  process  specifies  the 
vaporization  of  a  liquid  when  at  or  above  its  boiling  temperature  at  a  rate  qualitatively 
equal  to  the  rate  of  heat  flow  into  the  liquid.  The  heat  replenish  process  is  a  common 
technique  for  modelling  the  behavior  of  an  ideal  heat  source  in  QP  theory  by  resupplying  it 
with  heat  as  fast  as  it  is  depleted.  Where  this  added  heat  is  coming  from  is  not  considered. 

The  second  step  in  mapping  these  processes  to  the  current  situation  is  to  declare 
the  correspondences  sanctioned  by  access.  These  are  (pan7  w  boak«r2),  (bvaterl 
<-+  alcoholl),  (water  alcohol),  (amount-of  aaount-of),  and  (change-rate  <-+ 
change-rate). 

The  third  mapping  step  invokes  SME,  which  returns  the  gmap  shown  in  Figure  8.5.  The 
initial  explanation  for  the  disappearing  alcohol,  via  analogy  to  boiling  water,  appears  in  the 
candidate  inferences  field.  It  proposes  that  something  like  boiling  is  removing  alcoholl 
from  beaker2.  However,  this  mapping  and  its  candidate  inference  must  be  analyzed.  At 
this  point,  PHINEAS’  task  queue  contains: 

(3  15.73  (TRIISFER  HiP(BS«g«BOILIIG-BEBlVIOR.BS«gtOPEl-iLCOHOL-BEHATIOR))) 

(4  14.90  (NAPPIIG  NAP(BS«giLiqUID-DRAIIIlG-BEBAVIOR.BS«giOPEl-ALCOHOL-BEEAVIOR))) 
(4  12.62  (MAPPIIG  NAP(BSeg«DZSS0L7E-BEHAVI0R,BSegi0PEl-ALC0E0L-BEHAVI0R))) 

(4  11.06  (MAPPIIG  NAP(BS«gi2-C0ITAIlER-LF,BS«g»0PEl-ALC0E0L-BEEAVI0R))) 
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SHS  Version  3S 

Inslogiesl  Hatch  ixom  BOZLIIG-BHUVIOH-TBHORY  to  OFBI-iLCOBOL-BEBAVIOR-TBEORT . 
Rnla  Fils:  ssB.mlss 


t  MB’s  I  *  Gasps  I  1st , Bad, Horst  I  RslGronps  I 

13  I  1  I  4.41  /  4.41  /  4.41  I  ACTIVE  I 


Total  Rnn  Tias:  0  Minntss,  3.304  Sseoads 
BMS  Rnn  Tias:  0  Hinntss,  1.337  Sseonds 
Bast  Gasps;  'Cl} 


Gasp  01:  (1H0UBT-0F-3B1  AHOaTr-OF-393)  (SUBSTAICB-OF-334  SUBSTABCB-OF-399}  (P1I7  BE11ER3) 

(COBTAIBBD-LIQDID-333  CQHTlIHEO-LiqtIIO-390)  (COBTlIBER'OF-333  COBTAIBER-OF-398) 

(HATER  ALCOEOL)  (SlIBSTABCB-336  SUBSTABCB-39S)  (BHATERl  ALCOHOLl) 

Hsight:  4. 4066 
Candldats  Inlsrsaess: 

(B-BXPLAIBS 

(SET  (PROCESS-DEFIimOI  ( :  SKOLEH  BEAT-FLQH)  (:SIOLEM  PIl) 

(IMPLIES 

(ABD  (IBDIVIDUAL  ( :SEQLEM  ST0VB9)  (COBDITIOIS  (TBERHAL-OBJECT  (:SXOLEM  ST0VE9)))) 
o 
o 

(PROCBSS-DBFIBniOI  (:SXOLEH  BOILIIG)  (tSXOLER  PI3) 

(IMPLIES 

(AID  (IBDIVIOOAL  ALCOBOL  (COBDITIOIS  SUBSTAICB-396) ) 

(IIDIVIDOAL  BBAXXR3  (COBDITIOIS  (CAl-COITAIB  BBAXBR3  ALCOBOL))) 

(IBDIVIDnAL  ALCOIOLl 

(COBDITIOIS  COBTAIBED-LIQDID-396  COITAIIBR-OF-398  Sl7BSTAaCE-0F-399) ) 
(IIDIVIDOAL  (iSXOLEH  BSTBAMl) 

(COBDITIOIS  (COITAIIED-GAS  (;SXOLEM  BSTBAMl)) 

(CQITillBR-aV  (•.SXOLEM  BSTBAMl)  BBAXZRa) 

(SOBSTAICS-OF  (;SXOLXM  BSTBAMl)  ALCOBOL))) 

(IIDIVIODAL  (:SXOLBM  PIl) 

(COBDITIOIS  (PROCBSS-IBSTAICE-Or  (:SXOLEM  BEAT-FLOH)  (:SXOLBM  PID) 

(PIl  OBSTIIATIOI  ALCOBOL!)) ) 

(ACTIVE  (:SXOLEH  Pit)) 

(lOT  (GREATER-TBU  (A  (TBOIL  ALCOIOLl))  (A  (TEMPERATORB  ALCOBOLl)})) 
(GREATER-TBAI  (A  AMOOBT-OF-393)  ZERO)) 

(AID  (qOAITITT  (VAPORIZATIOI-RATE  (:SXOLEH  PI3))) 

(q«  (VAPORIZATIOI-RATE  (:SXOLEH  PI3))  (BEAT-FLOH-RATE  (:SXOLEM  PIl))) 
(GREATER-TBAI  (A  (VAPORIZATIOI-RATE  (rSXOLEH  PI3))}  ZERO) 

(I-  (BEAT  ALCOBOLl)  (A  (VAPORIZATIOI-RATE  (:SXOLEH  PI2)))) 

(CTRAIS  AHOOIT-OF-393  (AMOOTT-OF  (:SXOLEH  BSTEAMD) 

(A  (VAPORIZATIOI-UTE  (:SXOLEM  PI3))))))) 

(PROCESS-DEFIiniOI  ( :  SXOLEH  BBAT-REPLEIISI)  (:SXOLEH  PI3) 

(IMPLIES 

(AID  (IIDIVIDOAL  (; SXOLEH  ST0VE9)  (CDIDITIOIS  (BEAT-SOORCB  (:SXOLZH  ST0VB9)))) 
(IIDIVIDOAL  (: SXOLEH  PIl) 

(COBDITIOIS  (PROCESS-IISTAICE-OF  (; SXOLEH  BEAT-FLOH)  (: SXOLEH  PID) 

(PIl  SOORCE  (: SXOLEH  ST0TE9)))) 

(ACTIVE  (: SXOLEH  PIl))) 

(AID  (iqOAL-TO  (0  (BEAT  (; SXOLEH  ST0VE9)))  ZERO) 

(I-:-  (BEAT  (:SXOLER  ST0VE9))  (A  (BEAT-FLOH-RATE  (:SXOLEH  PIl)))))))) 
OPEI-ALCOBOL-BEBAVIOR) 


Figure  8.5:  SMEc5Ar  mapping  from  the  boiling  processes  (boiling,  heat  flow  and  heat 
plenish)  to  the  disappearing  alcohol  scenario. 


re- 


156 


When  trjuisfer  is  attempted  on  the  boiling  hypothesis,  all  of  the  expressions  axe  con¬ 
sistent,  but  two  skolem  objects  are  found:  (iskolem  stov«9),  the  ideal  heat  source,  and 
( :  skolem  bsteaml) ,  the  vapor  produced  from  boiling.  When  the  abductive  retriever  is  used 
to  seek  possible  analogues  for  these  objects  in  the  current  situation,  no  candidates  are  found. 
Therefore,  PHINEAS  assumes  a  new  entity  token  for  each  unknown  object  eind  confirms  that 
the  candidate  inference  remains  consistent  upon  their  installation.  The  transfer  operation 
is  completed  by  the  explicit  assumption  of  the  now  operational  hypothesis.  PHIIIEAS  first 
determines  that  the  three  proposed  processes  are  identical  to  the  original  boiling,  heat  flow 
and  heat  replenish  processes  (they  were  never  changed  through  mapping  and  treinsfer)  emd 
removes  them  from  the  hypothesis.  It  then  makes  the  following  set  of  atomic  assumptions: 

(THERMAL-OBJECT  SK-ST0VE9-1) 

(HEAT-SOURCE  SK-ST0VE9-1) 

(COmilED-GAS  SK-BSTEAMl-1) 

(COITAZIER-OF  SK-BSTEAMl-1  BEAEER2) 

(SUBSTilCE-OF  SK-BSTEAHl-1  ALCOHOL) 

(HEAT-COIIECTIOI  BEAKER2  SK-ST0VE9-1  ALCOHOLl) 

The  transfer  task  then  schedules  a  simulate  task  for  the  hypothesis.  Since  the  hypothesis 
does  not  contain  conjectured  entities  {Cce)  ot  create  new  predicates  {Cvb)}  simulate  is 
scheduled  rather  than  simulate-poor.  At  this  point,  PHINEAS’  task  queue  contains:^ 

(2  16.73  (SIMULATE  TH#OPEI-ALCOHOL-BEHAVIOR-THEORY-l-l)) 

(4  14.90  (MAPPIIG  MAP(BSegiLiqUID-DRAIlIIG-BEHAVIOR,BSegfOPEl-ALCOEOL-BEHAVIOR})) 
(4  12.62  (MAPPIIG  MAP(BSeg»OISSOL7E-BEHA7IOR,BSeg«OPEI-ALCOHOL-BEHAVIOR))) 

(4  11.06  (MAPPIIG  MAP(BS«gi2-COITAIIER-LF.BSegfOPEI-ALCOHOL-BEHAVIOR))) 

The  simulate  task  invokes  QPE  on  the  given  hypothesis  to  envision  its  predictions  for 
the  current  scenario.  This  is  shown  in  Figure  8.6.  State  S2  describes  the  alcohol  below 
the  boiling  point  and  heating  up.  State  SI  describes  the  alcohol  boiling,  with  its  amount 
decreasing  at  a  constant  rate  and  the  amount  of  hypothesized  alcohol  steam  increasing. 
Both  S2  and  SI  are  able  to  transition  to  state  SO.  QPE  individuates  states  in  an  envisionment 
by  the  derivatives  of  quantities  and  the  active  processes.  For  this  scenario,  there  are  two 
distinct  situations  having  no  active  processes  and  derivatives  equal  to  zero.  In  situation 
SO-1,  the  alcohol  has  completely  boiled  away,  leaving  nothing  more  to  boil.  This  is  the 
conclusion  observed  in  the  disappearing  alcohol  scenario.  Alternatively,  SO-2  describes  the 
alcohol  and  stove  temperatures  equalizing,  again  leading  to  a  halt  in  active  behavior.  When 

’The  caiient  working  theory,  THtOPEI- ALCOHOL-BEHAVIOR- THEORT- 1-1,  is  the  result  of  transferring 
THi0PEI-ALC0H0L-BEHA7I0R-THE0RT-l,  the  original  candidate  inference  derived  from  mapping. 
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Quantity 

S2 

SI 

SO-1 

SO-2 

Ds[HEAT-FLOW-RATE(PIO)] 

-1 

0 

- 

- 

Ds[AMOUNT-OF(ALCOHOLl)] 

0 

-1 

0 

0 

Ds[AMOUNT-OF(SK-BSTEAMl-l)] 

0 

1 

0 

0 

Ds[CHANGE-RATE(AMOUNT-OF(ALCOHOLl))] 

0 

0 

0 

0 

Ds[TEMPERATURE(ALCOHOLl)l 

1 

0 

0 

0 

A[TEMPERATURE(ALCOHOLl)] 

A[TEMPERATURE(SK-STOVE9-l)l 

< 

< 

? 

= 

A[AMOUNT-OF(ALCOHOLl)] 

>0 

>0 

=0 

>0 

A[CHANGE-RATE(AMOUNT-OF(ALCOHOLl))] 

=0 

<0 

=0 

=0 

ACTIVE(PIO) 

T 

T 

F 

F 

ACTIVE!  PIl) 

T 

T 

F 

F 

ACTIVE(PI2) 

F 

T 

F 

F 

Processes: 


PIO:  HEAT-FLOW(SK-STOVE9-1,ALCOHOL1,BEAKER2) 

PIl;  HEAT-REPLENISH(SK-STOVE9-1,PIO) 

PI2 ;  BOILING (1.LCOHOL ,BEAKER2 , ALCOHOLl , SK-BSTEAMl-1  ,PIO) 


Figure  8.6:  Envisionment  of  the  boiling  hypothesis  for  the  disappearing  alcohol  observation. 
Since  QPE  distinguishes  states  by  the  derivatives  of  quantities  and  active  processes,  state 
SO  is  actually  two  difference  situations  (SO-1  and  SO-2),  but  both  have  the  same  derivative 
and  process  characteristics.  Ds  [ . . .  ]  denotes  the  sign  of  the  derivative.  indicates  a 
quantity  is  undefined  during  that  state  (e.g.,  its  process  doesn’t  exist)  and  “?”  indicates 
that  einy  value  is  possible. 


I 
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DATNI  is  used  to  determine  adequacy,  it  finds  that  the  envisionment  is  both  complete  and 
consistent  with  respect  to  the  observed  behavior.  At  this  point,  PHINEAS  has  constructed 
an  adequate  explanation  of  the  situation.  However,  due  to  the  task  settings  in  use,  it 
continues  to  examine  other  candidates.  Its  task  queue  now  contains: 

(4  14.90  (NAPPIIG  MAP(BS«gtLiqniO-DRAIlIlG-BEHAVIOIl,BS«g»OPEI-ALCOHOL-BEHAVIOR))) 
(4  12.62  (NAPPIIG  NAPCBS6g«DISS0LVE-BEHAVI0R,BS«g«0PEI-ALC0H0L-BEHAVI0R))) 

(4  11.06  (MAPPING  MAP(BS«g«2-C0ITAIIER-LF.BS6gt0PEI>ALC0H0L-BEHAVI0R))) 

(5  0.00  (DECISION-POOL  THiOPEN-ALCOHOL-BEHAVIOR-THEORT-1-1)) 

The  second  candidate  analogue  proposed  during  access  is  a  leaky  cup:  perhaps  the 
alcohol  is  leaking  through  a  hole  in  the  beaker.  When  the  leaky  cup’s  explanation  is 
mapped,  two  processes  are  proposed,  corresponding  to  liquid  flow  and  liquid  drain  (an  ideal 
sink  -  the  opposite  of  heat  replenish  described  above).  The  transfer  task  applied  to  this 
hjrpothesis  finds  that  the  individual  expressions  are  consistent,  but  the  candidate  inference 
contains  three  unknown  objects:  (:skol«iit  sinkS),  the  destination  of  flow,  (rskolem 
cs-sinkS),  the  destination  liquid,  and  (tskolem  hol«7),  the  fluid  path  leading  out  of  the 
beaker.  In  each  case,  no  analogue  can  be  found  and  a  new  entity  token  is  assumed.  Once 
again  the  proposed  processes  are  found  to  be  identical  to  their  original  base  analogues  and 
the  final  operational  hypothesis  consists  of  the  following  set  of  assumptions: 

(LiqniO-SINK  SK-SINE6-1) 

(CAN-CONTAIN  SK-SINK6-1  ALCOHOL) 

(CONTAINEO-LiqUID  SK-CS-SinS-l) 

(CONTAINEO-FLUID  SE-CS-SINK5-1  ALCOHOL  SK-SINK6-1) 

(CONTAINER-OF  SK-CS-SINK6-1  SK-SINK6-1) 

(PHTSICAL-PATH  BEAKER2  SK-SINK6-1  SK-H0LE7-1) 

(FLDID-PATH  SK-H0LE7-1) 

(FLUID-ALIGNED  SN-H0LE7-1) 

PHINEAS  now  executes  the  simulate  task  on  the  leak  hypothesis.  Its  envisionment  is 
shown  in  Figure  8.7.  State  SI  indicates  that  alcohol  is  flowing  from  the  beaker  to  the 
ideal  sink,  sk-sinkS-l.  The  alcohol’s  amount  is  decreasing,  the  pressure  in  the  beaker 
is  decreasing  (taken  at  the  beaker’s  bottom),  and  the  flow  rate  is  decreasing.  State  SO 
indicates  that  the  amount-of  alcohol  is  equal  to  zero,  all  quantities  are  constant,  and  there 
are  no  processes  active. 

When  the  hypothesis  is  compared  to  the  original  observation,  an  anomaly  is  found.  The 
alcohol’s  rate  of  change  was  constant  in  the  observation,  yet  the  proposed  model  predicts 
that  the  change  rate  increases  (becomes  less  negative)  as  the  amount  of  alcohol  decreases. 
Consequently,  PHINEAS  schedules  the  leak  hypothesis  for  revision.  The  task  queue  now 
contains: 
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SI 


so 


Quantity 

SI 

SO 

Ds[FLOW-RATE(PIO)] 

-1 

- 

Ds[AMOUNT-OF(ALCOHOLl)] 

-1 

0 

D8[AM0UNT-0F(SK-CS-SINK5-1)] 

0 

0 

Ds[CHANGE-RATE(AMOUNT-OF(ALCOHOLl))] 

1 

0 

Ds[PRESSURE-IN(BEAKER2)] 

-1 

0 

Ds[PRESSURE-IN(SK-SINK5-l)] 

0 

0 

Ds[TEMPERATURE(ALCOHOLl)] 

0 

0 

Ds[TEMPERATURE(SK-CS.SINK5-l)] 

0 

0 

A[AMOUNT-OF(AI,COHOLl)l 

>0 

=0 

A[CHANGB-RATE(AMOUNT-OF(ALCOHOLl))] 

<0 

=0 

A[PRESSURE-IN(BEAK£R2)} 

A[PRESSURE-IN(SK-SINK5-1)] 

> 

? 

ACTrVE(PIO) 

T 

F 

ACTIVE(PIl) 

T 

F 

Processes: 


PIO:  Liqi7ID-FL0W(ALC0H0L,BElKER2,iLC0B0Ll.SK-SIIK6-l,SK-CS-SIlK5-l,SK-H0LE7-l) 
PIl:  LIQUID-D!UII(SK-SIKB-1,SK-CS-SIK5-1,PI0) 


Figtire  8.7:  QPE  enTisioninent  of  the  ‘^leaky  container”  hypothesis  for  the  disappearing 
alcohol  observation. 


(4  12.62  (MIPPIIG  MAP(BSeg#DISSOLVE-BEHAVIOR,BSeg#OPEI-ALCOHOL-BEHAVIOR))) 

(4  11.06  (MAPPIIG  MAP(BSeg#2-C0HTAIHER-LF,BSeg#0PEE-ALC0H0L-BEHAVI0R))) 

(5  0.00  (DECISIOI-POOL  TH#OPEI-ALCOHOL-BEHAVIOR-THEORY-1-1)) 

(8  14.90  (REVISE  TH#0PEI-ALC0H0L-BEHAVI0R-THE0RY-2-l 

((lO-IITERPRET  ALCOHOL-GOIIG)  (OCCURSAT  QSTATE-O  ALCOHOL-DRY)) 
(ALCOHOL-GOIIG  ALCOHOL-DRY))) 

The  next  hypothesis  considered  is  the  dissolving  analogue  (salt  dissolving  in  water), 
which  has  been  discussed  throughout  the  preceding  chapters.  The  mapping  task  produces 
a  candidate  inference  that  is  flawed  by  inconsistent  predicate  use  (e.g.,  (Immersed-in 
alcohol  1  fwaterl))  and  the  presence  of  an  unknown  correspondent  for  the  water.  During 
the  tramsfer  task,  the  atmosphere  is  found  as  a  potential  analogue  for  the  water  and 
mapping  is  repeated.  In  the  second  transfer  pass,  all  object  correspondences  are  known. 
All  that  remains  is  to  resolve  three  inconsistent  expressions: 

(Solution  atmosphere) 

(Soluble  alcoholl) 

(Soluble- in  alcoholl  atmosphere) 

which  become 

(Solution-8  atmosphere) 

(SK-Soluble-4-1  alcoholl) 

(SK-Soluble-in-4-1  alcoholl  atmosphere) 

Having  produced  an  operational  hypothesis  from  the  dissolving  candidate  inference,  the 
transfer  teisk  schedxiles  it  for  simulation.  Due  to  the  new  predicates  required  {Cve)^  it  is 
scheduled  for  the  simulate-poor  task.  The  task  queue  now  contains: 

(4  11.06  (MAPPIIG  MAP(BSeg#2-C0ITAIIER-LF,BSeg#0PEI-ALC0H0L-BEHAVI0R))) 

(5  0.00  (DECISIOI-POOL  TH#OPEI-ALCOHOL-BEHAVIDR-THEORY-1-1)) 

(6  12.62  (SIMULATE-POOR  THfOPEI- ALCOHOL-BEHAVIOR-THEORY-4)) 

(8  14.90  (REVISE  THiOPEI-ALCOHOL-BEHAVIOR-THEORY-2-1 

((lO-IITERPRET  ALCOHOL-GOIIG)  (OCCURSAT  QSTATE-O  ALCOHOL-DRY)) 
(ALCOHOL-GOIIG  ALCOHOL-DRY))) 

The  flnal  analogue  considered  is  a  standard  liquid  flow  behavior  between  two  contain¬ 
ers  connected  by  a  pipe.  It  results  in  theory  OPEI-ALCOHOL-BEHAVIOR-THEORY-5-1,  which 
conjectures  that  the  alcohol  is  flowing  to  another  container  through  a  fluid  path  connecting 
them.  A  description  of  PHIHEAS  invoking  mapping,  transfer,  and  simulate  on  this  ana¬ 
logue  would  be  redundemt  with  the  prior  description  of  the  leaky  cup  hypothesis  (including 
its  rejection  due  to  a  non-constant  change  rate).  Hence,  it  will  not  be  repeated  here. 

At  this  point,  each  candidate  analogue  has  completed  at  least  the  transfer  phase  of 
operation.  The  taisk  queue  now  contains: 


161 


(6  0.00  (DECISIOI-POOL  TH#OPEI-ALCOHOL-BEHAVIOR-THEORT-1-1)) 

(6  12.62  (SIMULATE-POOR  TH«OPEI-ALCOEOL-BEHAVIOR-THEORY-4) ) 

(8  14.90  (REVISE  TH«OPEH-ALCOHOL-BEHAVIOR-TBEORY-2-l 

((lO-IITERPRET  ALCOHOL-GOIBG)  (OCCURSAT  QSTATE-1  ALCOHOL-DRY)) 
(ALCOHOL-GOIIG  ALCOHOL-DRY))) 

(8  11.06  (REVISE  TH#OPEI-ALCOHOL-BEHAVIOR-THEORY-6-l 

(dO-IITERPRET  ALCOHOL-GOIIG)  (OCCURSAT  QSTATE-1  ALCOHOL-DRY)) 
(ALCOHOL-GOIIG  ALCOHOL-DRY))) 

The  priority  of  the  decision-pool  task  guaxantees  that  once  a  decision-pool  task 
reaches  the  front  of  the  agenda,  PHINEAS  has  reached  the  hypothesis  selection  point.  The 
first  decision-pool  task  (boiling)  collects  all  other  hypotheses  &om  the  task  agenda  wait¬ 
ing  for  decision-pool  execution.  In  this  case  there  are  no  others.  It  then  applies  the 
LEF  to  this  set.  Because  there  is  only  one  candidate  explanation  at  this  point,  boiling  is 
selected  as  the  final  explanation. 

As  shown  in  Chapter  6,  had  the  dissolving  hypothesis  been  simulated,  it  too  would 
have  produced  an  adequate  explanation.  However,  it  was  deemed  inferior  to  the  boiling 
explanation  because  of  its  creation  of  new  predicates  (Cys).  It  was  given  a  prominent 
position  in  preceding  chapters  due  to  its  demonstration  of  a  large  percentage  of  the  meiin 
ideas  in  this  thesis.^ 


8.4.1  Discussion 

Variations  on  this  example  have  been  used  to  explore  PHINEAS’  range  of  behavior  with 
differing  amounts  of  information: 

•  With  observation  duration.  A  phenomenon’s  duration  is  often  an  important  key  to 
theory  development.^  In  this  case,  it  took  15  hours  for  the  alcohol  to  completely 
disappear.  For  the  sake  of  this  example,  a  ‘^prototypical”  amount  of  time  a  beaker  of 
alcohol  takes  to  boil  away  was  chosen  to  be  the  range  of  30  minutes  to  4  hours.  When 
this  information  is  included,  the  boiling  hypothesis  is  accepted  with  the  warning 

Hypotheais  OPEI-ALCOHOL-BEHAVIOR-THEORY-l-l  is  adequate,  but  Yalla  duration  bounds 

At  selection  time,  adequate  candidates  consistent  with  the  observation’s  duration  are 
preferred  over  those  having  an  inconsistent  duration  range.  In  this  particular  example, 

’As  a  side  note,  the  dissolving  hypothesis  came  about  as  a  complete  surprise.  When  the  “evaporation” 
example  was  first  attempted,  I  expected  PHIIEAS  to  propose  boiling  or  liquid  flow.  When  dissolving 
appeared  as  a  candidate  analogue  as  well,  I  initially  considered  this  a  flaw  since  it  seemed  clear  that 
dissolving  was  not  analogous.  Further  consideration  reveals  numerous  analogous  aspects  between  the  two 
situations. 

^DATNI  is  able  to  use  reed-valued  duration  information  to  influence  measurement  interpretation. 
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boiling  is  the  only  hypothesis  and  is  therefore  accepted  despite  the  unusually  long 
time  it  took  the  alcohol  to  vanish.  At  the  present  time,  this  is  the  only  example 
which  takes  advantage  of  DATMI’s  ability  to  reason  about  the  durations  of  events. 
The  approach  represents  an  important  aspect  of  the  theory  development  problem. 
More  work  is  needed  to  better  understand  its  applications. 

•  Without  change  rate  information.  When  the  derivative  of  the  alcohol’s  change  rate 
is  unknown  (i.e.,  only  the  alcohol’s  decrease  is  observed),  the  leaky  container  and 
liquid  flow  hypotheses  become  adequate  explanations.  When  PHINEAS  reaches  the 
hypothesis  selection  point,  there  are  three  candidate  explemations  to  choose  from. 
When  the  LEF  is  applied  to  this  set,  all  hypotheses  pass  the  first  three  criteria  {Cce, 
CvEi  C'cx)*  They  all  fail  the  fourth  criteria,  assumed  entities  {Cae)-  The  leaky  cup 
and  two  container  liquid  flow  explanations  assume  three  objects,  while  the  boiling 
hypothesis  assumes  two.  Thus,  boiling  is  selected  as  the  best  explanation. 

•  With  temperature  information.  When  the  alcohol’s  temperature  is  included  as  an  ob¬ 
served  quantity  (  T«]iq>«ratur«(aleoholl)  <  Tboil(alcolxoll)),  the  boiling  hypoth¬ 
esis  is  invalidated.  This  is  reflected  by  transfer  proposing  a  new  process  analogous 
to  boiling  which  is  active  for  temperatures  below  the  boiling  temperature.  The  new 
process  is  otherwise  identical  to  boiling. 

•  With  temperature,  vaithout  change  rate.  When  the  change  rate  information  is  not 
included,  the  leaky  container  and  liquid  flow  hypotheses  become  adequate.  When  the 
alcohol’s  temperature  is  included,  the  boiling  analogy  produces  a  new  kind  of  boiling 
process  for  temperatures  below  the  boiling  temperature.  Thus,  it  fails  the  composite 
assumptions  (Cca)  criterion.  As  a  result,  PHIHEAS  rejects  the  “boiling”  explanation 
and  selects  the  leak  and  liquid  flow  hypotheses.  Each  is  identical  under  the  LEF,  as 
they  both  assume  the  existence  of  three  entities. 
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Chapter  9 
Examples 


PHINEAS  has  been  used  to  hypothesize  explanations  of  observations  from  a  variety  of  phys¬ 
ical  domains  and  situations.  Previous  chapters  have  focused  on  its  investigations  of  evap¬ 
oration,  via  examples  of  alcohol’s  behavior  in  open  and  closed  containers.  This  chapter 
describes  PHIIfEAS’  operation  for  several  additional  examples.  It  also  analyzes  the  success 
and  limitations  of  each  example. 


9.1  Caloric  Theory  of  Heat  Flow 

The  view  of  heat  as  a  material  substance  originates  from  the  Greeks  and  dominated  thermal 
science  during  the  eighteenth  and  first  half  of  the  ninteenth  centuries  (Roller,  1961).  During 
the  eighteenth  century,  it  developed  into  what  is  generally  called  the  caloric  theory  of 
heat,  which  postulates  a  heat  substance  called  caloric.  The  temperature  of  an  object  was 
believed  proportional  to  the  amount  of  caloric  present.  Furthermore,  caloric  tended  toward 
equilibrium,  causing  it  to  flow  between  bodies  placed  in  contact  until  an  equilibrium  of  their 
temperatiires  was  achieved.  This  section  describes  how  PHIHEAS  achieves  a  naive  level  of 
the  caloric  view  when  shown  thermal  behavior  for  the  first  time. 

The  explanation  task  is  illustrated  in  Figure  9.1.  When  a  hot  brick  is  immersed  in  cold 
water,  their  temperatures  will  asymptotically  approach  each  other  until  reaching  equality. 

PHINEAS  begins  by  searching  memory  for  analogous  behavior.^  First,  the  behavioral  ab¬ 
stractions  describing  the  observation  are  used  to  probe  memory.  In  this  case, 
dual-approach-finish  applies,  which  characterizes  two  quantities  asymptotically  ap¬ 
proaching  each  other  and  reaching  equality.  Only  one  candidate  einalogue  demonstrates 

^PHIIEIS’  default  domain  theory  includes  three  thermal  processes:  heat  flow,  boiling,  and  heat- 
replenish.  They  are  removed  for  this  example. 


=5. 


Temp 


(Phytob  brick) 

(Solid  brick) 

(Vol\uB«->olid  brick) 

(Liquid  uatorl) 

(Contalned-llquid  satarl) 

(Containar-of  vatarl  buckat) 

(Subatanca-of  vatarl  vatar) 

(Imnarsad-ln  brick  uatarl) 

(Containad-ln  uatarl  buckat) 

(Dual-approach-finlsb  2-obj-hl) 

(Maata  (Situation  2-obj-hl-altO 

(Sat  (Dacraaaing  (Tamparatura-in  brick)) 
(Incraaaing  (Tamparatura-in  vatarl)) 
(6raatar-Tban  (A  (Tamparatura-in  brick) ) 

(A  (Tamparatura-in  uatarl))))) 
(Situation  2-obj-hi-aitl 

(Sat  (Conatant  (Tamparatura-in  brick) ) 

(Conatant  (Tamparatura-in  uatarl)) 

(Equal-to  (A  (Tamparatura-in  brick)) 

(A  (Tamparatura-in  uatarl)))))) 


Figure  9.1:  An  unexplained  thermal  situation.  When  a  hot  brick  is  immersed  in  cold  water, 
the  brick’s  temperature  decreases  and  the  water’s  temperature  increases.  This  transitions 
to  a  state  in  which  the  temperatures  are  constant  and  equal. 


this  abstract  behavior  -  2-container-liquid-flow.  This  scenario  describes  liquid  flowing  from 
one  container  (beakerS)  to  another  (vial2),  through  a  pipe  (pipel)  connecting  them.  Us¬ 
ing  SHE  to  compare  the  current  and  recalled  situations,  PHINEAS  determines  that  the  roles 
of  the  beaker  and  vial  in  the  liquid  flow  description  correspond  to  the  roles  of  the  brick 
and  water  in  the  thermal  situation,  respectively.  Additionally,  it  flnds  that  pressure  in 
the  liquid  flow  situation  corresponds  to  temperature  in  the  thermal  situation. 

Upon  completion  of  access,  PHINEAS  attempts  to  map  the  relevant  liquid  flow  domain 
theory  into  the  current  thermal  situation.  First,  the  domain  theory  used  to  explain  the 
2-container-liquid-flow  experience  is  retrieved.  This  consists  of  the  liquid  flow  process  and 
two  instantiations  of 

(Containmd-Flnid  contained-fluid  substance  container) 

one  for  the  beaker  water  and  one  for  the  vial  water.  The  partial  mapping  established  during 
access  is  then  declared  emd  SHE  invoked.  SME’s  results  are  shown  in  Figure  9.2.  Its  candidate 
inferences  propose  a  new  contained-fluid  relationship,  in  which  the  temperature  of  the 
container  (brick  and  vaterl)  is  proportional  to  the  amount  of  substance  it  contains.  This 
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SHE  Varaloa  28 

inalogieal  Hatch  froa  2-COITiZIEK-LF-TEEORT  to  2-0BJ-BF-TH80RT. 
Rala  PUa:  aaa.rolaa 


•  RH’a  I  $  Gaapa  I  lat ,2ad,Worat  |  RaXGroapa  I 

17  I  II  2.07  /  2.07  /  2.07  I  ICIIVB  | 


Total  Rob  Tiaa:  0  Riaataa,  1.398  Saeoada 
BHS  Raa  Tiaa:  0  Hiaataa,  0.299  Saeoada 
Boat  Gaapa:  {  1  } 


Gaap  tl:  (PR83SUR8-II-83  TSHPER1TUR8-II-117)  (PR8SSnR8-II-80  TEHPBRRTURB-II-118) 

(BE1XSR3  BRICX)  (VI1L3  VlTBRl) 

Voight:  2.0710 
Candldata  lalaraaeaa: 

(B-EZPUIIS 

(SET  (PlCXET-DEFniTIOl 


(COITRIBED-FLUIO  (:SI0I.ER  CS-ViTER-BElEBR)  (:5X0LEM  VITER)  BRICX) 

(SET  (PEYSOB  (:SX0LEH  CS-VRTER-BERXER)) 

(COmilER-OP  (:SX0LSH  CS-VITER-BEIXER)  BRICX) 

(3tIBSTRIC8-0P  <:SX0LEH  CS-VRTBR-BEIXSS)  (:SX0I.BM  WATER)) 

(qOAITITT  (IMOUIT-QF  (:SX0L8H  CS-VATER-BEAXSR) ) ) 

(quAiTirr  tehperatcre-ii-ii8) 

(qPROP  TERPERATURE-n-llS  (AMOUIT-OP  ( : SXOLEH  CS-VITER-BEAXER)) )) ) 
(PACXET-OEPIIITTOI 

(COITillED-FLtm)  (:SXaLEX  CS-VITER-VIIL)  (: SXOLEH  WATER)  VATERl) 

(SET  (PETSOB  (: SXOLEH  CS-VATER-TIAL)) 

(COITAZm-OP  (: SXOLEH  CS-VATER-TIAL)  VATERl) 

(SOBSTAICE-OP  (; SXOLEH  CS-VATER-TIAL)  (: SXOLEH  VATER)) 

(qOAITITT  (AHOOVT-OP  (:SXOLEH  CS-VATER-TIAL))) 

(qUAITITT  TEHPBaUTOlE-tV-llT) 

(qPROP  TEHPRRATORE-n-llT  (AHOOIT-OP  (:  SXOLEH  CS-WATER-TIAL)  )  )  )  ) 
(PROCESS-DEPIlITIOf  (: SXOLEH  LiqOlD-PLOV)  (: SXOLEH  PI 1) 

(IRPLIES 

(AID  (IIDITIDOAL  (: SXOLEH  VATER) 

(COISITIOIS  (SUBSTAICE  (: SXOLEH  WATER) )  (LiqUID  (: SXOLEH  VATER) )) ) 

(IIDITIDUAL  BRICX  (COIDITIOVS  (CAE-COITAII  BRICX  (: SXOLEH  WATER)))) 

(ITDITIDUAL  (: SXOLEH  CS-VATER-BEAXER) 

(COIDITIOIS  (COmiBEO-PLOIO  (.-SXOLEH  CS-VATER-BEAXER)  (: SXOLEH  WATER)  BRICX))) 
(IIDITIDUAL  VATERl  (COIDITIOIS  (CAI-COITAII  VATERl  (: SXOLEH  VATER)))) 

(IIDITIDUAL  (: SXOLEH  CS-VATER-TIAL) 

(COIDITIOIS  (COITAIIED-PLUID  (: SXOLEH  CS-VATER-TIAL)  (: SXOLEH  VATER)  VATERl))) 
(IIDITIDUAL  (:  SXOLEH  PIPED 

(COIDITIOIS  (PLUID-PATI  (;SX0L8H  PIPED) 

(PITSICAL-PATX  BRICX  VATERl  (; SXOLEH  PIPED))) 

( FLUID- ALIGIED  (:SXOLEH  PIPEt)} 

(GREATER-TEAI  (A  TXHPBRATDRE'II-118)  (A  TERPERATURE-IB-117)) 

(GREATER-TUB  (A  (AHQUIT-OF  (-.SXOLEH  CS-VATU-BEUER)))  ZUO)) 

(AID  (qUAITITT  (FLOV-UTE  (:SXOLEK  PID)) 

(qa  (FLOV-UTE  (: SXOLEH  PID)  (-  TERP8UTURE-II-118  TEHPEUTURE- 11-117)) 
(GRUTU-TUX  (A  (FLOV-UTE  (: SXOLEH  PID))  ZUO) 

(CTRAIS  (AHOUIT-OF  (: SXOLEH  CS-VATER-BBAXU) )  (AHOUIT-OF  (: SXOLEH  CS-VATER-TIAL)) 
(A  (FLOV-UTE  (:SXOLEH  PID))))))) 


2-OBJ-Br) 


Figure  9.2:  SMEcsAf  mapping  from  the  liquid  flow  process  instance  to  the  hot  brick  in  cold 
water  scenario. 
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substance  is  currently  unknown,  but  is  analogous  to  the  water  in  the  liquid  flow  situation. 
Additionally,  it  proposes  a  new  process:  when  two  objects  of  differing  temperature  are 
connected  by  a  physical  path,  the  unknown  substance  continuously  flows  from  the  object 
of  higher  temperature  to  the  one  of  lower  temperature,  at  a  rate  equal  to  their  difference 
in  temperatures. 

The  candidate  inferences  are  then  passed  to  the  transfer  task.  First,  it  determines 
that  none  of  the  proposed  expressions  are  inconsistent  in  their  current  state.  Next,  these 
inferences  are  inspected  for  the  presence  of  skolem  objects.  Four  are  found:  (rskolem 
cs-«ater-beaker),  (: skolem  cs-«ater-vial),  (: skolem  vater),  and  (: skolem  pipel). 
The  first  two  eire  compound  objects  (i.e.,  objects  defined  solely  by  their  constituents)  and 
are  therefore  ignored.  The  unknown  (rskolem  pipe!)  indicates  that  no  correspondent  for 
the  pipe  connecting  the  beaker  and  vial  Wcls  found.  However,  when  the  abductive  retriever 
is  given  the  task  of  solving  the  conjunction 

(Physical-Path  brick  sraterl  fpipe)  A  (Fluid-Aligned  fpipe) 

A  (Fluid-path  fpipe) 

it  finds  (Physical-Path  brick  uaterl  (common-lace  brick  saterl))  and  (Fluid- Aligned 
(common-lace  brick  uaterl))  are  true  in  the  current  scenario  and  the  third  conjunct  is  as¬ 
sumable.  PHINEAS  therefore  establishes  (common-lace  brick  uaterl)  as  the  analogue  for 
pipe. 

The  remaining  unknown,  (: skolem  eater),  indicates  that  no  correspondent  for  the 
water  flowing  from  beaker  to  vial  wjis  found.  Additionally,  no  correspondent  is  found  when 
the  abductive  retriever  is  invoked  on  the  conjunction 

(Substance  fpipe)  A  (Liquid  fpipe)  A 

(Cein-Conta'u  brick  fpipe)  A  (Can-Contain  waterl  fpipe) 

When  creat e-entity  is  used  to  make  a  new  entity  token  for  the  missing  water  corre¬ 
spondent,  a  contradiction  is  found: 

(Liquid  sk-uater-l)  A  (Volume-Solid  brick)  — ►  -'(Can-Contain  brick  sk-sater-l) 

As  a  result,  (Liquid  sk-water-1)  is  changed  to  (SK-Phase-1  sk-uater-1),  with  SK-Phase-l 
added  as  a  new  child  predicate  to  Phase. 

At  this  point,  the  transfer  task  is  completed,  resulting  in  the  model  shown  in  Figure  9.3. 
This  model  postulates  that  the  brick  and  water  each  contain  sk-waterl-1,  and  their  tem¬ 
peratures  are  proportional  to  how  much  of  it  they  contain.  Additionally,  it  proposes  the 
new  Procoss-1,  which  might  be  called  a  heat  flow  process.  It  indicates  that  sk-uaterl-l 
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Hypotheses  for  theory  2-OBJ-HF-THEORY-l-l  derived  from  2-COITlIHER-LF: 

(DEFPROCESS  (PROCESS-1  7SUBST  7S0DRCE  7SRC-CS  7DESTIHATI0H  TDST-CS  TPATfl) 

IHDIVIDOALS  ((7S0BST  .-COMDITIOIS  (StJBSTAHCE  ?SDBST)  (SK-PHASE-1  7SUBST) ) 

(’SOURCE  :C0in)ITI0IS  (CAI-COITAII  ’SOURCE  ’SUBST)) 

(’SRC-CS  :C0HDITI0IS  (COHTAlIED-FLUID-1  ’SRC-CS  ’SUBST  7S0UBCE)) 
(7DESTIHATI0H  -.COHDITIOHS  (CAI-COHTAIH  7DESTIHATIOH  7SUBST)) 

(7DST-CS  : COHDITIOHS  (COHTAIHED-FLUID-l  7DST-CS  7SUBST  7DESTIHATI0H) ) 
(7PATH  :COHDITIOHS  (FLUID-PATH  7PATH) 

(PHTSICAL-PATH  7S0DRCE  7DESTIHATIDH  7PATH))) 
PRECOHDITIOHS  ( (FLUID- ALIGHED  7PATH)) 

QUAHTITTCOHDITIOHS  ( (GREATER-THAH  (A  (TEMPERATURE- IH  7SOURCE)) 

(A  (TEMPERATURE- IH  7DESTIHATIOH) ) ) 

(GREATER-THAH  (A  (AMOUHT-OF  7SRC-CS)>  ZERO)) 

RELATIQHS  ((QUAHTITT  (FLOW-RATE  7SELF)) 

(Q=  (FLOW-RATE  7SELF) 

(-  ( TEMPERATURE- IH  7S0URCE)  (TEMPERATURE- IH  7DESTIHATI0H) ) ) 
(GREATER-THAH  (A  (FLOW-RATE  7SELF))  ZERO)) 

IHFLUEHCES  ((CTRAHS  (AMOUHT-OF  7SRC-CS)  (AMOUHT-OF  7DST-CS)  (A  (FLOW-RATE  7SELF))))) 

(DEFEHTITT  (COHTAIHED-FLUID-1  7V-1  7V-2  77-3) 

(COHTAIHER-OF  ’7-1  77-3) 

(SUBSTAICE-OF  77-1  77-2) 

(QUAHTITT  (AMOUHT-OF  77-1)) 

(QUAHTITT  (TEMPERATURE-IH  77-3)) 

(QPROP  (TEMPERATURE-IH  77-3)  (AMOUHT-OF  77-1))) 

(ASSUME  (SUBSTAHCE  SK-WATER-1)) 

(ASSUME  (SK-PHASE-1  SK-WATER-1)) 

(ASSUME  (CAH-COHTAIH  BRICK  SK-WATER-1) ) 

(ASSUME  (COHTAIHED-FLUID-1  SK-CS-WATER-BEAKER-1  SK-WATER-1  BRICK)) 

(ASSUME  (CAI-COHTAIH  WATERl  SK-WATER-1)) 

(ASSUME  (COHTAIHED-FLUID-1  SK-CS-WATER-7IAL-1  SK-WATER-1  WATERl)) 

(ASSUME  (FLUID-PATH  (COMMOH-FACE  BRICK  WATERl))) 


Figure  9.3:  Final  PHIKEAS  hypothesis  explaining  the  hot  brick  in  cold  water  behavior. 
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Processes: 


PIO:  PROCSSS-KSI-VlTEK-l  VlTKRl  Sl-CS-VlTER-VIlL-l  BRICK  Sl-CS-tfiTBR-BEAXER-1  (COniOI-FACB  BRICK  VITKRD) 
PIl:  PROCKSS-KSK-tflTER-l  BRICK  SK-CS-tflTER-BBlKER-l  VlTBRl  SK-CS-VlTER-VIlL-1  (COMHOI-FICK  BRICK  VlTERl)) 


Figure  9.4:  Envisionment  produced  by  the  hypothesized  caloric  model  when  applied  to 
the  brick  immersed  in  water  scenario.  Some  states  we  split  by  QPE  (e.g.,  S2  and  S2-I). 
States  are  distinguished  only  by  derivative  and  process  values.  They  are  split  when  this 
distinction  produces  a  state  lasting  an  interval  of  time  (S2)  and  also  lasting  for  an  instant 
(S2-I). 


will  flow  from  the  object  of  higher  temperature  to  the  object  of  lower  temperature.  PHINEAS 
does  not  perform  generalization  beyond  replacing  constants  with  variables.*  Hence,  only 
the  brick  eind  vaterl  are  believed  to  contain  sk-waterl-l. 

Only  one  test  remains  -  verify  the  adequacy  of  the  model  in  explaining  the  original 
observation.  As  shown  in  Figure  9.4,  the  model  produces  a  five-state  envisionment,  with 
state  S2  transitioning  to  state  SO  demonstrating  that  the  model  is  able  to  predict  the 
observed  temperature  changes.  In  state  S2,  Process-1  is  active,  the  substance  sk-sater-l 
is  flowing  from  the  brick  to  the  water,  and  the  temperature  of  the  brick  is  decreasing  while 
the  temperature  of  the  water  is  increasing,  each  at  a  rate  equal  to  the  difference  in  their 
temperature.  In  state  SO,  the  brick  and  water  temperatures  are  equal  and  all  quantities 
are  constant. 


*The  explanation- based  learning  community  has  shown  that  this  is  not  sufficient  to  ensure  proper 
generalisation  (DeJong  k  Mooney,  1986;  Mitchell  et  al.,  1986).  Explanation-based  generalisation  should 
be  performed  at  this  step,  but  it  has  not  been  a  problem  so  far. 
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9.1.1  Discussion 


This  excunple  demonstrates  several  points.  First,  identifying  the  path  of  thermal  flow  shows 
the  utility  of  transfer  in  filling  out  am  incomplete  analogical  mapping.  An  analogy  will  often 
evoke  additioned  remindings  or  perspectives  made  relevant  by  its  consideration.  Second,  the 
example  illustrates  PHINEAS’  ability  to  create  new  object  tokens  (i.e.,  sk-water-l)  when  a 
skolem  object  produced  by  mapping  cannot  be  resolved.  Further,  it  is  able  to  distinguish 
between  assuming  the  presence  of  an  unobserved  object  and  conjecturing  a  theoretically 
novel  entity.  This  is  important  information  for  theory  evaluation  and  selection  processes. 

The  example  also  points  to  an  interesting  aspect  of  PHINEAS’  behavior.  As  in  any  knowl¬ 
edge  intensive  approach  to  learning,  PHINEAS’  results  are  dependent  on  the  knowledge  it  has 
and  how  that  knowledge  is  expressed.  In  the  model  shown  in  Figure  9.3,  two  questionable 
relations  appear: 

(Fluid-Path  ?path)  and  (Fluid-aligned  ?path) 

These  are  odd  predicates  for  a  theory  of  heat.  Ideally,  we  would  like  to  see  both  replaced 
by  new  predicates  representing  the  concepts  of  heat  path  and  heat  aligned.  However,  they 
are  consistent  with  the  current  example,  since  ?path.  is  the  common  surface  between  the 
brick  and  water  in  this  instance. 

There  are  several  ways  in  which  the  prefered  result  could  have  been  achieved.  First, 
if  PHINEAS  had  been  asked  to  explain  a  situation  where  a  solid  metal  bar  was  acting  as 
the  path,  its  inability  to  act  as  a  fluid  path  would  have  been  detected  and  new  path 
predicates  created.  Second,  the  current  consistency  of  the  two  predicates  may  be  viewed 
as  a  flaw  in  the  domain  theory.  Using  Fluid-Path  as  a  one  place  predicate  and  stating 
it  as  a  precondition  to  Process-1  has  detached  its  meaning  from  the  peirticular  fluid  it 
is  to  transport.  Finally,  important  experiential  information  is  lacking,  since  this  is  the 
first  and  only  time  PHINEAS  has  encountered  thermal  flow.  The  plausibility  of  PHINEAS’ 
conjectures  must  be  evaluated  with  respect  to  the  information  it  possesses.  If  sk-water-l 
is  thought  to  be  a  fluid,  there  is  no  evidence  indicating  that  the  sk-water-l  fluid  requires 
something  different  than  standard  fluid  paths  (e.g.,  heat  flow  through  a  solid  metal  bar). 
Often,  several  examples  of  a  phenomenon  are  necessary  to  isolate  the  conditions  in  which 
it  occurs. 


9.2  Oscillation 

Oscillation  is  a  common  phenomenon  in  physical  systems.  PHINEAS’  initial  knowledge 
contains  theories  about  a  prototypical  spring-mass  system,  in  which  a  spring  is  anchored 
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Compliant  Inertial 
Oscillator _ Period  of  Oscillation  Element  FJpmPnt 


[-vvvvvir-pi| 

Spring-Mass  Oscillator 


Torsional  Pendulum 


Spring  (k)  Block’s  mass 
(m) 


Torsional  Disk’s  moment 

Stiffness  (K)  of  Inertia  (J) 


Cantilevel  Pendulum 


Flexural  Ball’s  mass 

Stiffness  (El)  (m) 


L-C  Electric  Circuit 


Compliance  Inductor  (L) 
(1/C) 


Figure  9.5:  Some  simple  harmonic  oscillators.  (Adapted  from  Shive  ic  Weber,  1982;  Thom¬ 
son,  1948) 


to  a  wall  on  one  end  and  attached  to  a  mobile  mass  on  the  other.  If  the  block  is  pulled 
and  then  released,  it  will  oscillate  back  and  forth  forever.®  Drawing  from  this  knowledge, 
PHINEAS  has  been  able  to  explain  several  examples  of  simple  harmonic  motion,  all  depicted 
in  Figure  9.5. 

Here  we  consider  the  behavior  of  a  torsion  oscillator.  PHINEAS  is  initially  given  a  de¬ 
scription  of  a  ball  rotating  while  suspended  by  a  string,  and  the  ball’s  sinusoidal  behavior, 
represented  as  a  cycle  of  eight  qualitatively  described  temporal  intervals.  Each  interved 

^Modeling  friction  and  resistance  in  oscillators  is  a  difficult  modeling  problem  in  QP  theory.  Ideal 
oscillators  are  discussed  throughout  this  section. 

I 
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Torsional  Pendulum 


(Connected  stringl  ball9) 
(String  stringl) 

(Ball  ball9) 

(Rotating-Object  ball9) 
(Twisting-Object  stringl) 
(Sinusoidal  ball-oscillating) 


(Situation  ball-string-sS 

(Set  (Decreasing  (Angular-displacement  stringl)) 
(Decreasing  (Angle  ball9)) 

(Increasing  (Angular-Velocity  ball9)) 

(Less-than  (A  (Angular-Velocity  ball9) )  ZERO) 

— ^  (Less-Than  (A  (Angle  ball9))  zero) 

4  (Less-Than  (A  (Angular-displacement  stringl))  zero))) 


o 

o 

o 


Figure  9.6:  A  torsional  oscillator. 


contains  facts  describing  the  derivatives  and  amounts  of  angle  and  angular  velocity.  In 
addition,  it  is  told  that  the  bail  is  a  rotating  object  and  the  string  is  a  twisting  object. 

When  PHINEAS  probes  memory  for  prior  experience  with  sinusoidal  oscillation,  it  finds 
the  spring-m2iss  system.  A  detailed  comparison  of  this  behavior  and  that  of  the  rotating 
ball  reveals  a  correspondence  between  the  eight  behavioral  states  of  each  system.  This 
correspondence  indicates  that  the  compressing  spring  corresponds  to  the  twisting  string 
and  the  translating  block  corresponds  to  the  rotating  ball.  Additionally,  position  is  mapped 
to  angle  and  velocity  is  mapped  to  angular  velocity,  due  to  their  similar  behavior. 

With  a  behavioral  correspondence  established,  PHINEAS  fetches  the  domain  theory  used 
to  explain  the  spring-mass  system.  This  consists  of  a  Force  process  which  applies  the 
spring’s  force  to  the  attached  block,  a  spring-mass -system  object  definition  describing 
the  system’s  total  energy  and  the  relationship  between  the  block’s  position  and  the  spring’s 
displacement,  and  a  spring  object  definition  describing  its  restorative  force  as  a  function 
of  displacement.  When  the  spring-mass  theory  is  mapped  into  the  oscillating  ball  situation, 
transfer  first  examines  each  relation  and  finds  no  inconsistencies.  The  transfer  phase  next 
checks  for  skolem  objects  in  the  candidate  inference  f-nd  finds  (zskolem  sm-sys).  sm-sys 


172 


I 


Hjpotheses  lor  theory  BALL-OSCILLATIIG-THEORT-3-1  derived  from  SPRIHG-MISS-OSCILLITIIG . 


(DEFEITITT  (SPRIIG-MlSS-STSTEM-22  ?V-78  ?T-79  7V-80) 

(COHIECTED  7V-79  7V-80) 

(QDAHTITT  (TOTAL-EHERGT  7V-78)) 

(HOT  (LESS-THAH  (A  (TOTAL-EHERGT  7T-78))  ZERO)) 

(EQUAL-TO  (D  (TOTAL-EHERGT  7V-78))  ZERO) 

(Q=  (TOTAL-EHERGT  7V-78)  (+  (KIHETIC-EHERGT  7V-80)  (POTEHTIAL-EHERGT  7V-79))) 
(Q=  (AHGDLAR-DISPLACEMEHT  7V-79)  (AIGLE  7V-80)) 

(FORCE-APPLICATIOH  (RESTORATIVE-FORCE  7V-79)  (AHGULAR-VELOCITT  7V-80))) 

(DEFEHTITT  (SPRIHG-8  7V-76) 

(QUAHTITT  (AHGULAR-DISPLACEMEHT  7V-76)) 

(QDAHTITT  (RESTORATIVE-FORCE  7V-76)) 

(QPROP-  (RESTORATIVE-FORCE  7V-76)  (AHGDLAR-DISPLACEMEHT  7V-76)) 
(CORRESPOHDEHCE  ((A  (RESTORATIVE-FORCE  7V-76))  ZERO) 

((A  (AHGDLAR-DISPLACEMEHT  7V-76))  ZERO)) 

(QDAHTITT  (POTEHTIAL-EHERGT  7V-76)) 

(HOT  (LESS-THAH  (A  (POTEHTIAL-EHERGT  7V-76))  ZERO)) 

(Q=  (POTEHTIAL-EHERGT  7V-76) 

(e  (AHGDLAR-DISPLACEMEHT  7V-76)  (AHGDLAR-DISPLACEMEHT  7V-76)))) 

(ASSDME  (SPRIHG-MASS-STSTEM-22  SK-SM-STS-23  STRIHGl  BALL9)) 

(ASSDME  (SPRIHG-8  STRIHGl)) 

(ASSDME  (FORCE-APPLICATIOH  (RESTORATIVE-FORCE  STRIHGl)  (AHGDLAR-VELOCITT  BALL9))) 
(ASSDME  (QDAHTITT  (RESTORATIVE-FORCE  STRIHGl))) 


Figure  9.7:  Final  PHINEAS  hypothesis  explaining  the  behavior  of  the  torsion  oscillator. 


is  a  token  representing  the  spring-mass  system  taken  as  a  whole.  This  compound  object 
token  is  replaced  by  sk-sm-sys-23,  which  represents  the  newly  defined  string-ball  system: 

(spring-iiiass-8y8t6m-22  sk-8m-878-23  8tTingl  ball9) 

The  proposed  model  of  the  rotating  bail  scenario,  shown  in  Figure  9.7,  is  now  usable. 
When  the  model  is  applied  to  the  ball-string  pair,  it  produces  an  envisionment  containing 
an  eight-state  cycle,  as  shown  in  Figure  9.8.  When  PHINEAS  examines  the  envisionment, 
it  finds  a  perfect  match  between  the  observed  and  predicted  behavior.  Thus,  the  model  is 
adequate  and  the  explanation  process  is  completed. 
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In  behavioral  segment  3 

(Angolar-Displacement  stringl)  is  Decreasing 
(ingle  ball9)  is  Decreasing 
(Angular-Velocity  ball9)  is  Increasing 
(A  (angular-velocity  ball9))  is  Less  Than  zero 
(A  (angle  ball9))  is  Less  Than  zero 
(A  (angular-displacement  stringl)}  is  Less  Than  zero 

Due  to  the  follouing  processes  being  active; 

FORCE-PROCESS (STRIHGl  RESTORATIVE-FORCE 
BALL9  AHGDLAR-VELOCITT) 
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A[ANGULAR-VELOCITY(BALL9)] 
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=0 

El 
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Processes; 


PIO;  P0ACB-PK0CBS3(Smi01,BlU.9) 

PIl :  CBUVATITI-PUCKSSCUGLB (BALLS)  .AIGULAA-VEL0CITT(BALL9}) 


Figure  9,8:  Complete  envisionment  produced  by  the  hypothesized  torsioual  oscillator 
model. 
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9.2.1  Discussion 


The  behavioral  descriptions  used  in  this  example  are  larger  and  significeuitly  more  ambigu¬ 
ous  than  any  other  SME  has  been  applied  to  (55  expressions  each,  producing  1,972  gmaps). 
It  took  approximately  45  minutes  for  SME  to  compare  the  spring  and  torsion  behavioral 
descriptions.  Although  this  time  is  large,  early  attempts  at  the  example  were  competely 
unsuccessful.  After  several  hours,  SME  woiild  exhaust  the  memory  capacity  of  the  machine.^ 
Two  modifications  have  been  crucial  to  the  example’s  current  success.  First,  the  nested 
representation  of  time  described  in  Chapter  3  provides  significant  constraint  on  the  map¬ 
ping  process.  Second,  relaxing  structural  consistency  to  allow  relational  groups  reduces 
fragmentation,  further  constraining  the  process. 

0.2. 1.1  LC  Circuit 

The  LC  circuit  is  one  of  the  most  difficult  scenarios  to  which  PHINEAS  has  been  applied.  It 
is  initially  given  a  description  of  the  circuit’s  sinusoidal  behavior  in  terms  of  the  derivatives 
and  amounts  of  charge  and  current.  In  addition,  it  is  told  that  L  and  C  are  an  inductor 
and  a  capacitor,  respectively,  although  PHINEAS  has  no  knowledge  about  inductors  or 
capacitors.  Finally,  PHINEAS  is  given  the  hint  that  the  capacitor  possesses  an  electrical 
restorative  force.  Without  the  hint,  two  answers  are  equally  plausible  rather  than  one  (i.e., 
L  might  possess  the  electrical  restorative  force).  The  hint  merely  serves  to  simplify  the 
discussion. 

PHINEAS  successfully  maps  position  to  charge,  velocity  to  current,  and  the  spring 
and  mass  to  C  and  L  respectively.  When  the  charge  and  current  model  is  applied  to  the  LC 
circuit,  cin  envisionment  containing  a  consistent  eight-state  cycle  is  produced. 

This  example  required  a  small  degree  of  tailoring  before  it  would  work  as  well  as  the 
other  oscillator  2uialogies.  The  reasons  for  this  provide  insight  to  a  hard  problem.  The 
original  attempt  at  modeling  the  spring-mass  system  described  the  spring’s  length  in  terms 
of  its  rest  length  and  the  block’s  current  position.  When  mapped  to  the  LC  circuit  scenario, 
the  quantities  length  and  rest -length  were  applied  to  the  capacitor,  with  no  apparant 
contradiction.  This  misses  the  point  of  the  analogy  entirely.  It  appears  that  a  general 
solution  to  the  problem  requires  in-depth  study  of  the  role  of  length  and  rest -length  in 
the  spring-mass  system.  For  example,  the  spring’s  rest  length  should  probably  correspond 
to  the  capacitor’s  point  of  zero  voltage.  The  problem  was  resolved  for  the  above  example 
by  reformulating  the  spring-mass  model,  length  and  rest -length  were  removed,  with  the 

*A11  examples  in  this  thesis  are  taken  from  PHI9E1S  running  on  a  Symbolics  3640  with  12  Mb  Ram  and 
100  Mb  disk  swap  space. 
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solution  1  solutlon2 


(Snbatute*  aolntiaa-stiiH) 

(Liquid  ■olntion-stnff) 

(Coatainad'Xiqnid  ■olutloal) 

(Coataia*c-of  solntionl  eontainarl) 

(Snbstuic«~of  solntionl  solntion-stnlf) 

(Solution  solntionl) 

(Contsintd~liqnid  solutions) 

(Contsinor~ol  solutions  contsinorS) 

(Snbatsaes-of  solutions  solntion-stuK) 

(Solution  solutions) 

(Can-eontsin  contsinorl  aolution-stnlf) 

(Can-contsln  contsinorS  solution-stull) 

(Tonebing  contsinorl  eonon-ssU) 

(Toucbing  contsinorS  eoBon-ssU) 

(Toucbiag  contsinorl  eomon-floor) 

(Tonebing  contsinorS  conon-floor) 

(VoluBO-solid  comon-floor) 

(Grostor-tbsn  (A  (snount-of  solntionl))  xsro) 

(Grostor-tbsn  (A  (saount-of  solutions))  xsro) 

(Moots  (Situation  osaosis-sitl 

(Sot  (Docrossing  (Aaount-of  solntionl)) 

(Inersssing  (Conesntrstion  solntionl)) 
(Incrossing  (Anount-of  solutions)) 

(Docrossing  (Conesntrstion  solutions)) 
(Srostor-tbsn  (A  (Aaount-of  solntionl)) 

(A  (Aaount-of  solutions))) 
(Grostor-tbsn  (A  (Cone out rot ion  solutions)) 

(A  (Conesntrstion  solntionl))))) 
(Situation  osaosis-sitS 

(Sot  (Constant  (Aaount-of  solntionl)) 

(Constant  (Coneontrstion  solntionl)) 

(Constant  (Aaount-of  solutions)) 

(Constant  (Conesntrstion  solutions)) 

(Bqusl-to  (A  (Conesntrstion  solutions)) 

(A  (Coneontrstion  solntionl)))))) 


Figure  9.9;  Two  containers  sharing  a  common  wall  of  unknown  substance.  Each  container 
holds  a  solution. 


spring  force  determined  by  the  position  of  the  block.  This  was  sufficient  to  produce  the 
results  described  above. 

9.3  Osmosis 

Figure  9.9  depicts  two  containers  sharing  a  common  wall  composed  of  an  unknown  sub¬ 
stance.  Each  container  holds  different  amounts  of  a  solution.  We  observe  that  the  amount 
of  solution  is  decreaising  in  the  left  container  (containerl)  and  increasing  in  the  right 
container  (container2).  At  the  same  time,  the  concentration  of  solutionl  is  increaising 
while  the  concentration  of  solution2  is  decreasing.  .That  is  happening? 

PHINEAS  begins  by  exploring  memory  for  potential  analogues.  It  finds  four  possibilities, 
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but  at  the  same  time  encounters  significant  ambiguity,  as  evidenced  by  the  number  of 
interpretations  for  each  analogue: 


Analogue 

#  interpretations 

similarity  score 

2-contciiner-liquid-flow 

(2) 

17.7 

leaking-  cont^er 

(1) 

16.8 

dissolving 

(2) 

14.8 

boiling 

(6) 

16.4 

The  multiple  interpretations  arise  for  two  reasons.  First,  there  is  ambiguity  over  whether 
to  map  amount-of  to  the  solution’s  amount-of  quantity  or  the  solution’s  concentration 
quantity.  Second,  the  observation  describes  the  change  of  two  contained  liquids.  Thus, 
in  the  dissolving  analogue,  one  interpretation  views  the  salt  mapping  to  solutionl  while 
the  other  views  the  salt  mapping  to  solution2.  A  similar  situation  occurs  for  the  boil¬ 
ing  analogue.  However,  the  reason  is  of  significance.  The  one-to-one  criterion  prevents 
Contained-liquid  from  mapping  to  both  Contained-liquid  and  Contained-gas.  Addi¬ 
tionally,  both  gas  and  liqmd  are  in  the  same  container  for  the  boiling  scenario.  This  again 
leads  to  ambiguity  in  mapping  to  containerl  or  container2. 

PHINEAS  examines  each  of  these  possible  analogues  and  finds  that  none  of  them  com¬ 
pletely  accounts  for  the  observed  behavior.  The  greatest  coverage  comes  from  the  two- 
container-liquid-flow  analogue.  Its  entire  hypothesis  consists  of: 

(Fluid-Path  conmon-sall) 

The  envisionment  for  this  hypothesis  wets  shown  in  Figure  6.5.  It  consistently  describes 
the  loss  of  solutionl  and  the  rise  of  solution2.  However,  it  incorrectly  predicts  that  the 
concentration  of  each  will  remain  constant. 

Because  the  theory  revision  module  is  still  incomplete,  2uid  all  of  the  hypotheses  fail  to 
adequately  explain  the  observation,  PHINEAS  concludes  with  a  task  queue  filled  with  pending 
revision  tasks.  For  this  example,  I  had  PHINEAS  return  the  best,  inadequate  explanation 
available.  When  the  LEF  is  applied,  the  two  container  liquid  flow  hypothesis  is  selected, 
due  to  its  resting  on  a  single  assumption  about  the  nature  of  the  wall  separating  the  two 
containers.  It  is  importzmt  to  note  that  PHINEAS’  work  was  made  needlessly  complex  due 
to  the  experimental  settings  of  the  task  priorities.  The  primary  point  of  this  “osmosis” 
example  is  to  show  how  PHINEAS  uses  global  similarity  to  focus  on  the  most  plausible 
explanations  first.  Because  of  the  observation’s  strong  simileirity  to  liquid  flow,  PHINEAS 
developed  the  liquid  flow  hypothesis  first  and  only  afterwards  did  it  entertain  the  other 
possibilities. 
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Figure  9.10:  A  bezLker  and  a  vial,  each  containing  water,  are  connected  by  objects.  What 
is  causing  the  water  in  the  beciker  to  decrease  while  the  water  in  the  vial  is  increasing? 


9.4  Ordinary  Liquid  Flow 

One  of  the  goals  of  this  work  is  to  show  the  feasibility  of  similarity  as  a  single  source  for 
both  analogical  and  more  traditional,  deductive  or  abductive  explanations.  Consider  the 
scenario  illustrated  in  Figure  9.10: 

•  A  beaker  and  a  vial,  each  containing  water,  are  connected  by  objects.  What 
is  causing  the  water  in  the  beaker  to  decrease  while  the  water  in  the  vial  is 
increasing? 

PHINEAS  begins  by  probing  memory  for  the  best  set  of  candidate  analogues.  It  finds 
four  initial  possibilities: 

Similarity  Score  Analogue 

28.07  tvo  containsr  liquid  flos 
16.77  laaiky  container 
14.24  dissolving 
14.14  boiling 

Examining  each  of  these  possibilities,  PHINEAS  finds  that  not  only  is  the  two  container 
liquid  flow  scenario  most  similar  to  the  current  situation,  it  is  the  only  candidate  that  pro¬ 
duces  a  consistent  set  of  predictions.  Thus,  PHINEAS  concludes  with  the  single  assumption: 

(Fluid-Path  objects) 

which  is  sufficient  to  completely  explain  the  observed  behavior  (see  Figure  9.11).  Under 
this  assumption,  the  situation  is  viewed  as  a  normal  instance  of  liquid  flow,  with  objects 
serving  as  the  fluid  path. 
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Hypotheses  for  theory  0BJECT3-FL0W-THE0RY-S  derived  from  2-COKTAINER-LF: 


(ASSUME  (FLUID-PATH  OBJECTS)) 


Analysis  of  0BJECT3-LF  according  to  theory  QBJECT3-FL0W-THE0RY-5 

In  behavioral  segment  1 

(PRESSURE-IN  VIALS)  is  Increasing 
(AMOUHT-QF  CS-WATER-VIALl)  is  Increasing 
(PRESSURE-IN  BEAKERS)  is  Decreasing 
(AMOUNT-OF  CS-WATER-BEAKERl)  is  Decreasing 

(A  (PRESSURE-IN  BEAKERS))  is  Greater  Than  (A  (PRESSURE-IN  VIALS)) 


Due  to  the  follosing  processes  being  active: 

LIQUID-FLOW(WATER  BEAKERS  CS-WATER-BEAKERl  VIALS  CS-WATER-VIALl  OBJECTS) 


In  behavioral  segment  2 

(PRESSURE-IN  VIALS)  is  Constsint 
(AMOUNT-OF  CS-WATER-VIALl)  is  Constant 
(PRESSURE-IN  BEAKERS)  is  Constant 
(AMOUNT-OF  CS-WATER-BEAKERl)  is  Constant 

(A  (PRESSURE-II  BEAKERS))  is  Equal  To  (A  (PRESSURE-IN  VIALS)) 


There  are  no  processes  active. 


Figure  9.11:  To  explain  why  the  amount  of  water  in  the  beaker  is  decreasing  and  the  amount 
of  water  in  the  viaJ  is  increasing,  PHINEAS  requires  only  a  single  assumption:  objects  is  a 
fluid  path. 


9.5  Summary  of  examples 

PHINEAS  has  been  tested  on  over  a  dozen  examples  representing  variations  on  a  set  nine 
basic  explanation  tasks.  These  are  summeirized  below. 

1.  Disappearing  alcohol.  This  example  has  been  discussed  in  detail,  with  variations 
described  in  Section  8.4.1.  Four  analogues  have  been  considered:  boiling,  a  leaky 
container,  dissolving,  and  two  container  liquid  flow. 

2.  Caloric  heat  flow.  The  transfer  of  heat  from  a  warm  object  to  an  object  of  lower 
temperature  may  be  explained  via  analogy  to  liquid  flow.  PHINEAS  conjectured  the 
existence  of  a  new  substance  in  the  process. 

3.  Oscillation.  Simple  harmonic  motion  is  a  common  occurrence.  Three  oscillatory 
phenomena  have  been  explained  by  analogy  to  a  spring-mass  system. 
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(a)  Torsion  oscillator 

(b)  Cantilever  oscillator 

(c)  LC  circuit 

4.  Osmosis.  The  flow  of  a  solution’s  solvent  through  a  semi-permeable  membrane  is 
very  similar  to  ordinary  liquid  flow.  PHINEAS  has  demonstrated  that  globed  similarity 
is  useful  for  focusing  the  search  for  plausible  explanations.  Because  the  analogy  to 
liquid  flow  requires  revision  to  the  standard  model,  PHINEAS  was  unable  to  successfully 
derive  an  adequate  explanation. 

5.  Floating  beach  ball  The  stability  of  a  beach  ball  suspended  in  an  upward-flowing 
column  of  air  is  counter-intuitive  to  some.  This  example  demonstrates  the  power  of 
simulation  analysis  sanctioned  by  verification-based  analogy.  PHINEAS  was  able  to 
reject  a  proposed  “pushing”  model  based  on  the  model’s  inconsistency  with  obser¬ 
vation.  At  the  same  time,  the  “pulling”  model  drawn  from  Bernoulli’s  principle  was 
successfully  proposed  as  an  adequate  explanation. 

This  example  was  selected  because  it  clearly  demonstrates  a  central  intuition  of 
VBAL.  Its  actual  implementation  was  necessarily  ad-hoc.  The  scenario  possesses 
a  great  deal  of  geometry  and  there  appears  to  be  a  strong  visual  factor.  When  I 
posed  this  scenario  to  various  people,  those  giving  the  incorrect  response  would  typ¬ 
ically  describe  the  air  as  “holding  the  ball  in”  in  reference  to  its  being  enveloped  by 
the  flowing  air.  The  models  considered  by  PHINEAS  are  one- dimensional  (in  the  hor¬ 
izontal  direction)  and  state  that  the  force  is  a  function  of  the  amount  of  air  on  each 
side.  In  turn,  the  amount  of  air  is  a  function  of  position,  with  zero  corresponding  to 
the  center  of  the  ^lir  column. 

6.  Diffusion.  Osmosis  and  diffusion  are  roughly  equivalent  processes.  When  PHINEAS  is 
supplied  with  full  knowledge  of  osmosis  for  liquids,  it  is  able  to  successfully  explain 
diffusion  for  gases.  Again,  global  similarity  is  a  source  of  focus.  Osmosis  is  more 
similar  to  diffusion  than  liquid  flow. 

7.  Ordinary  liquid  flow.  PHINEAS’  starting  body  of  knowledge  and  experiences  contains 
different  examples  of  the  basic  concept  “liquid  flow”.  As  in  all  explanations  it  pro¬ 
duces,  PHINEAS  explains  new  liquid  flow  observations  by  way  of  their  strong  similarity 
to  the  standard  liquid  flow  scenario  prototype.  This  is  in  contrast  to  most  explana¬ 
tion  and  qualitative  reasoning  systems,  which  examine  a  theory’s  preconditions  for 
applicability.  Two  different  liquid  flow  sceneirios  have  been  tested: 
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(a)  Objects  path.  This  was  described  in  Section  9.4. 

(b)  3  container  liquid  flow.  This  example  demonstrates  an  important  difference  be¬ 
tween  PHINEAS’  Einalogy  architecture  and  more  common  instantiation  methods. 
Three  containers  connected  in  series  (c2inl  to  caii2  by  pipel2  and  can2  to  can3 
by  pipe23)  produce  two  simultaneous  instantiations  of  the  liqmd  flow  process. 
When  PHINEAS  is  given  a  description  of  “3  container  liquid  flow”,  it  finds  two 
different  analogies  with  the  potential  analogue,  “2  container  liquid  flow”.  One 
analogy  is  with  the  caii2  to  caul  flow,  the  other  is  with  the  cam2  to  can3  flow. 
These  are  processed  as  two,  independent  candidate  explanations.  Additionally, 
they  are  both  adequate,  since  QPE  fortuitously  applies  the  proposed  liquid  flow 
model  (intended  for  the  can2  to  canl  pair,  for  example)  to  both  container  pairs. 
Thus,  PHINEAS  concludes  with  two  adequate,  functionally  equivalent  explana¬ 
tions.  It  does  not  possess  the  knowledge  that  a  single  phenomenon  was  simply 
occuring  twice.  This  “generalization  to  N"  problem  (e.g.,  Shavlik,  1987)  is  an 
important  case  which  research  in  anedogy  has  failed  to  address. 

8.  Floating.  The  lift  a  helium-filled  balloon  possesses  is  analogous  to  an  object  floating 
in  water.  The  net  effect  of  this  ajialogy  is  that  PHINEAS  generalizes  Archimedes 
principle  from  liquids  to  fluids.  However,  since  PHINEAS  does  not  possess  a  final 
storage  mechanism,  it  ends  up  with  two  versions,  one  for  gases  and  one  for  liquids. 

9.  Hot  cup.  Kedar-CabeUi  (1988)  describes  an  example  in  which  the  task  is  to  explain 
why  a  cercimic  cup  may  be  classified  as  an  instance  of  the  concept  “hot  cup”.  An 
analogy  to  a  styrofoam  cup,  a  known  type  of  hot  cup,  is  used  to  assist  the  proof  pro¬ 
cess.  The  styrofoam  cup  explanation  is  represented  as  a  single  horn  clause  justifying 
hot-cup,  with  intermediate  justifications  compiled  away  through  explanation- based 
generalization.  In  the  version  given  to  PHINEAS,  the  ceramic  cup  wais  replaced  by 
a  metal  cup  to  demonstrate  the  importance  of  contextual  factors  in  determining  se¬ 
mantic  similarity.  A  mapping  technique  which  used  an  ISA  hierarchy  would  map 
styrofoam  to  metal,  given  any  standard  hierarchy  organization.  This  is  the  wrong 
mapping.  In  the  context  of  the  styrofoam  explemation,  styrofoam  is  satisfying  the 
role  of  insulator.  Its  analogue  for  the  metal  cup  is  has-handle.  By  inspecting  the 
styrofoam  cup  explanation’s  cache,  PHINEAS  is  able  to  make  the  correct  mapping. 
Recall  that  minimal  ascension  is  only  used  if  no  functional  analogue  can  be  found. 
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Chapter  10 
Discussion 


There  were  two  primary  motivating  goals  for  this  thesis.  First  and  foremost,  develop 
a  general,  working  model  of  analogical  processing  that  is  powerful  enough  to  perform  a 
complex  reasoning  task.  This  I  feel  has  been  accomplished.  While  PHINEAS  is  certainly  not 
task-independent,  I  believe  the  model  it  embodies  has  broad  utility.  Second,  apply  that 
model  to  the  task  of  providing  qualitative  explanations  for  observed  physical  phenomena, 
using  representation  and  analysis  techniques  from  the  state-of-the-art  in  qualitative  physics 
to  demonstrate  scale  and  generality.  This  too  I  feel  has  been  accomplished  to  a  large  extent. 
PHINEAS  is  able  to  offer  analogically  derived  explanations  for  a  variety  of  observations 
novel  to  its  initial  domain  theories.  It  is  able  to  envision  the  predictions  of  a  developing 
explanation,  from  which  the  explemation’s  adequacy  may  be  tested  and  revisions  sanctioned. 

Embedding  the  model  in  a  non-trivial  performance  tcisk  is  an  important  methodolog¬ 
ical  constraint  for  research  in  machine  learning.  Learning  should  provide  a  service,  such 
as  improving  system  performance  or  enabling  solutions  to  problems  otherwise  unsolvable. 
Techniques  developed  in  support  of  complex  inferences  have  fewer  arbitrary  choices  than 
techniques  developed  specifically  for  learning  research.  Additionally,  placing  learning  re¬ 
search  in  the  context  of  a  serious  performance  task  often  leads  to  discovery  of  fundamental 
research  problems  that  would  have  otherwise  gone  unnoticed.  This  was  certainly  true 
in  the  development  of  PHINEAS.  To  my  dismay,  I  was  constantly  surprised  by  problems 
that,  for  whatever  reason,  had  not  been  described  in  the  literature.  These  include  the 
N-M  binding  problem,  the  structure  rearrangement  problem,  and  the  many  ways  in  which 
matching  predicates  based  on  an  ISA  hierarchy  fails.  Conversely,  the  learning  research 
may  help  to  motivate  research  in  the  application  task  domain.  For  example,  my  moti¬ 
vation  for  the  work  on  large-scale,  multiple-perspective  qualitative  modeling  described  in 
(Falkenhainer  &  Forbus,  1988)  uose  from  frustration  in  attempting  to  model  analogical 
access  for  commonsense  physical  domains. 
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Despite  the  progress  made,  far  more  remains  undone.  This  chapter  begins  by  reviewing 
the  results  of  this  work.  It  then  compares  the  work  to  related  research  from  different  aspects 
of  AI.  Finally,  a  number  of  importajit  open  research  problems  are  discussed. 

10.1  Summary  of  Results 

In  summary,  the  primary  contributions  of  this  thesis  are: 

•  It  presents  verification-based  analogical  learning^  a  view  of  analogy  as  an  iterative 
process  of  hypothesis  formation,  testing,  and  revision.  This  results  from  the  verifica¬ 
tion  requirement,  which  demands  that  an  analogy  system  analyze  the  conjectures  it 
makes  and  attempt  to  repair  them  when  insufficient. 

•  It  presents  contextual  structure-mapping,  an  adaptation  of  Centner’s  structure-mapping 
theory  which  stresses  the  need  to  use  context  and  knowledge  about  the  representa¬ 
tions  being  manipulated  as  an  aid  in  the  mapping  process.  This  has  three  primary 
components: 

1.  Pairwise  mappability  of  predicates  is  context  sensitive.  An  implemented  defini¬ 
tion  of  functionally  analogous  was  presented  which  solves  a  specialization  of  this 
more  general  problem.  Specifically,  two  expressions  are  functionally  analogous  if 
they  provide  the  same  inferential  support  in  the  context  of  the  structures  being 
mapped. 

2.  The  structure  rearrangement  problem  for  purely  structural  models  (e.g.,  SMT) 
was  identified,  and  domain-specific  mapping  constraints  were  defined  to  prevent 
the  problem.  Additionally,  the  structural  consistency  constraint  of  SMT  was 
weakened  to  allow  for  the  mapping  of  relational  groups. 

3.  The  selection  criterion  for  mapping  is  generalized  to  include  contextual  rele¬ 
vance  in  addition  to  systematicity.  This  overcomes  the  tendency  of  the  pure 
systematidty  criterion  to  focus  on  coherent  but  irrelevant  interpretations. 

•  It  describes  how  contextual  structure-mapping  may  be  modeled  as  a  set  of  match 
rules  given  to  SHE,  a  general,  domain-independent  computationed  model  of  anedogical 
mapping  that  has  been  tested  on  many  examples  from  numerous  domains  and  in 
several  research  projects. 

•  The  transfer  operation  is  formalized  in  the  context  of  explanation.  Transfer  is  con¬ 
cerned  with  importing  candidate  inferences  proposed  by  mapping  into  the  target 
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domain  and  making  them  operational.  This  centers  around  ensuring  expression  con¬ 
sistency  and  resolving  skolem  objects. 

•  Transfer  amd  mapping  have  been  paired  to  form  a  map  and  analyze  cycle.  Mapping 
provides  focus  by  globally  identifying  analogical  commonalities  between  base  and 
target  descriptions.  This  enables  transfer  to  focus  analysis  on  the  candidate  infer¬ 
ences,  which  represent  either  base  information  inferable  for  the  target  or  points  of 
discrepancy  in  the  ainalogical  compairison. 

•  It  describes  an  approach  to  the  problem  of  analogical  access  across  different  domains, 
which  requires  retrieval  over  non-identical  features.  Shared  behavioral  abstractions 
are  used  to  focus  attention  on  a  potentially  relevant  subset  of  memory.  Each  experi¬ 
ence  in  this  subset  is  then  compared  at  a  detailed  level  to  the  current  target  situation 
to  determine  if  they  share  a  common  relational  structure,  despite  their  surface-level 
differences. 

•  It  introduces  a  performance-based  measure  for  evaluating  the  adequacy  of  an  analog¬ 
ically  proposed  model.  In  PHINEAS,  this  centered  around  the  use  of  qualitative  sim¬ 
ulation  as  a  form  of  gedanken  experiment  to  test  the  predictions  of  a  model  against 
observation. 

•  It  describes  an  approach  to  theory  revision  based  on  the  view  that  generation  of  revi¬ 
sion  hypotheses  should  not  be  fundamentally  different  from  generation  of  the  original 
explanatory  hypotheses.  It  proposes  the  use  of  three  sources  of  knowledge.  First 
principles  analysis  provides  completeness  in  suggesting  possible  revisions.  Precedent- 
guided  revision  uses  knowledge  of  anedogous  phenomena  to  provide  a  focused,  ordered 
set  of  hypotheses.  Finedly,  difference-based  reasoning  examines  prior  successes  to  see 
what  is  different  about  the  current  situation  that  may  provide  empirical  explanations 
for  hypothesis  plausibility. 

•  It  describes  PHINEAS,  a  fully  implemented  system  based  on  the  proposed  analogical 
explanation  architecture.  PHINEAS  posits  qualitative  explanations  for  time-varyring 
descriptions  of  physical  behaviors. 

Based  on  these  ideas  and  my  experience  with  PHINEAS,  I  have  also  proposed  that 
interpretation-construction  tasks  may  be  viewed  as  the  search  for  maximal,  explanatory 
similarity  between  the  situation  being  explained  and  some  explainable  scenario.  This  led 
to  the  conjecture  that  analogy  suffices  as  the  central  process  model  for  explanation  tasks, 
with  distinctions  between  deductive,  abductive,  and  analogicaJ  explanations  arising  out 
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of  the  evaluation  process.  While  PHINEAS  demonstrates  the  feasibility  of  this  view,  much 
further  resesirch  wiU  be  required  to  prove  this  conjecture. 

10.2  Related  Research 

This  thesis  covers  a  range  of  AI  concerns,  including  analogy,  scientific  theory  formation, 
and  qualitative  reasoning.  This  section  identifies  important  similarities  and  vdth 

related  research  from  these  various  disciplines. 

10.2.1  Analogy 

Analogy  has  many  facets,  making  it  difficult  to  thoroughly  review  all  of  the  work  from 
philosophy,  psychology,  and  AI  which  might  overlap  some  portion  of  this  research.  In  the 
following  subsections,  a  select  subset  of  work  in  computational  analogy  most  relevant  to 
this  thesis  is  discussed.  One  should  also  refer  to  (Falkenhainer  et  al.,  1987)  for  a  thorough 
survey  of  work  comparable  to  SME  and  analogical  mapping.  For  example,  Winston’s  (1980, 
1982)  highly  influential  work  and  its  relation  to  SME  is  discussed.  See  also  (Hall,  to  appear) 
and  (Kedar-Cabelli,  1985a)  for  general  surveys  of  analogy. 

10.2.1.1  Burstein’s  CARL 

Burstein  (1983,  1985)  presents  a  detailed  investigation  of  how  a  student  may  be  taught 
about  assignment  statements  in  BASIC  through  a  series  of  euxalogies  across  multiple- 
domains.  CARL  interacts  with  a  tutor,  who  identifies  important  simileuities  between  vari¬ 
ables  and  boxes,  algebraic  equality,  and  human  memory.  One  of  CARL’s  important  features 
is  its  ability  to  use  multiple  analogies  in  constructing  a  model  of  BASIC  assignment  state¬ 
ments.  An  analogy  with  boxes  is  used  to  provide  a  sense  of  “placing  a  number  inside  a 
variable”.  Algebraic  equality  is  used  to  repair  the  conception  that  “X  =  Y”  places  “Y” 
inside  X,  rather  than  the  value  for  Y.  Finally,  a  human  metaphor  is  used  to  express  the 
feel  of  a  computer  as  a  communicative  agent. 

The  minimal  ascension  mapping  rule  (Chapters  3  and  5)  is  adapted  from  Burstein’s 
method  for  creating  a  new  predicate  when  a  base  relation  is  inconsistent  for  the  target 
domain.  The  minimal  ascension  technique  adds  two  functions.  First,  it  may  be  used 
during  mapping  to  allow  an  explicit  match  between  non-identical  predicates.  This  match  is 
inversely  proportional  to  the  distance  of  the  predicates  paired  and  enables  direct  comparison 
of  alternate  pairings.  Second,  it  is  used  during  transfer  to  seek  existing  predicates,  not  only 
to  create  new  predicates. 
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Some  of  Burstein’s  work  may  be  viewed  as  important  next  steps  in  the  development 
of  PHINEAS.  Specifically,  Burstein  hcis  focused  on  multiple  analogies,  in  which  a  working 
hypothesis  about  a  situation  axises  through  integration  of  alternate  sources  of  information. 
Consider  the  disappeeiring  alcohol  example.  From  a  dissolving  analogue,  PHINEAS  wets  able 
to  hypothesize  that  the  rate  of  disappearance  is  proportional  to  the  alcohol’s  surface  area 
in  contact  with  the  atmosphere.  From  a  boiling  analogue,  PHINEAS  was  able  to  tap  its 
knowledge  about  the  vaporization  process.  However,  the  program  was  not  able  to  merge 
these  hypotheses  about  different  aspects  of  the  situation  to  form  a  more  complete  model 
of  the  situation.  Flexible  integration  of  multiple  sources  of  information  has  always  been 
part  of  the  desiderata  for  PHINEAS,  but  required  the  development  of  the  current  PHINEAS 
system  as  a  prereqmsite. 

10.2.1.2  Derivational  Analogy 

Analogical  problem  solving  seeks  to  solve  a  current  problem  situation  by  recourse  to  a  pre¬ 
vious  problem  solving  episode.  Two  distinct  approaches  have  been  presented  by  Catrbonell: 
transformational  analogy  (1983b)  and  derivational  analogy  (1983a).  Each  recognize  that 
applying  old  solutions  to  new  problems  may  involve  modification  to  the  original  solution. 
Transformational  analogy  applies  trzinsformation  operators  to  a  base  solution  until  it  solves 
the  current  problem.  There  are  number  of  problems  with  this  approach,  as  Carbonell  has 
noted,  and  derivational  analogy  was  proposed  in  response.  Specifically,  mapping  only  fi¬ 
nal  plans  or  operator  sequences  hides  important  planning  information  used  to  derive  the 
sequence.  For  example,  translating  a  quicksort  routine  from  PASCAL  to  LISP  by  direct 
translation  would  be  far  more  difficult  than  reusing  the  abstract  design  process  used  in 
developing  the  originzJ  PASCAL  version  (Carbonell,  1983a). 

Derivational  analogy  replays  the  derivational  history  of  a  previously  solved  problem. 
The  derivation  may  contain  a  record  of  all  important  decisions  made  in  the  course  of  solving 
the  base  problem,  including  the  alternate  plans  and  subgoals  considered,  justifications  for 
successful  steps,  reasons  behind  failed  steps,  and  any  other  constraints  influencing  the 
development  of  the  final  solution.  The  target  problem  is  solved  by  examining  each  step 
in  the  derivational  history.  If  the  justifications  for  that  step  hold  in  the  current  situation, 
the  step  is  applied.  If  the  justifications  we  missing,  then  alternate  support  for  the  step  is 
sought,  one  of  the  alternate  choices  considered  in  the  derivation  is  applied,  or  some  form 
of  subgoaling  is  invoked. 

An  important  contribution  of  Carbonell’s  proposal  is  the  observation  that  the  map¬ 
ping  process  as  commonly  described  in  matching  models  of  analogy  (e.g.,  Winston,  1980; 
Centner,  1983)  is  overly  simplistic  for  complex  analogical  problem  solving.  That  is,  map- 
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ping  may  often  involve  manipulation  of  the  original  base  description  in  response  to  the 
current  target  environment.  Replay  is  one  approach  that  enables  a  base  situation  to  be 
adapted  to  the  current  target  instance.  In  Chapter  5,  I  proposed  that  this  is  an  implicit 
specialization  of  a  more  general  problem  in  analogy  -  the  general  need  for  knowledge  about 
the  structures  being  manipulated  in  the  mapping  process.  The  definition  of  functionally 
analogous  is  an  attempt  to  address  this  problem,  but  is  still  a  specialization  of  a  much 
larger  problem. 

As  a  proposal,  derivational  analogy  leaves  many  questions  unanswered.  First,  what 
information  should  be  stored  in  the  derivational  history?  Clearly,  remembering  everything 
about  every  problem  solving  experience  is  prohibitive.  If  the  derivation  is  too  detailed, 
analogical  reasoning  could  be  more  time  consuming  than  solving  the  problem  without 
analogy.  Second,  the  model  lacks  an  explicit  account  of  similarity,  particularly  important  for 
mapping  solutions  across  domains.  As  described,  derivational  analogy  is  most  appropriate 
when  a  nearly  equivzdent  problem  has  been  solved  in  the  past.  Finally,  derivational  analogy 
is  based  purely  on  the  problem  solving  puadigm  and  does  not  attempt  to  represent  a  model 
for  analogy  in  general.  For  instance,  it  has  little  to  say  about  analogical  learning. 

10.2.1.3  Kedar-Cabelli’s  PER 

Kedar-Cabelli  (1988)  describes  a  method  for  purposive  explanation  replay,  PER.  The  prob¬ 
lem  PER  addresses  is,  given  an  existing  plan  schema  and  an  old  individual  that  filled  one 
of  the  roles  in  the  schema,  find  an  individual  in  the  current  state  that  may  be  substituted 
for  that  role  and  still  achieve  the  plan.  Like  derivational  analogy,  PER  is  a  replay  method 
for  mapping,  which  attempts  to  adapt  an  old  plan  for  a  new  situation  by  rejustifying  and 
replanning  eiround  portions  of  the  old  plan  that  are  not  supported  by  the  current  situation. 
PER  is  like  the  functionally  analogous  portion  of  PHINEAS’  transfer  process  in  that  both  at¬ 
tempt  to  find  alternate  inferentiad  support  for  unsupported  portions  of  a  proposed  analogical 
inference.  PHINEAS  is  an  extension  of  PER  in  several  ways.  First,  PER’s  implementation, 
REPeat,  guesses  the  functional  role  of  am  unsupported  item  by  retrieving  a  horn  clause  in 
which  the  item  appears  as  an  antecedent,  followed  by  reproving  the  consequent.  Since  a 
given  item  may  support  many  different  types  of  consequents,  this  is  a  rough  heuristic.  In 
PHINEAS,  the  cache  slot  serves  the  same  purpose,  but  explicitly  states  the  actual  reason 
why  the  unsupported  item  was  needed  in  the  base  description.  Second,  since  PER  picks  a 
candidate  base  analogue  at  random  (each  goal  is  aissociated  with  past  planning  instances 
that  have  solved  it  in  the  past),  it  may  spend  a  great  dead  of  time  reproving  an  analogue 
that  violates  PER’s  near  miss  auisumption.  PHINEAS  uses  global  similarity  throughout  its 
reaisoning  process,  enabling  it  to  focus  first  on  the  optimal  candidate  anadogue  (optimal  in 
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the  sense  of  maximal  match).  The  map  and  analyze  cycle  further  focuses  the  process  by 
maintaining  a  global  perspective  of  what  has  and  has  not  matched  between  the  two  situa¬ 
tions.  Locating  one  missing  correspondent  may  fortuitously  uncover  other  correspondents 
due  to  their  interrelatedness.  Analyzing  each  missing  correspondent  one  at  a  time  may  fziil 
to  detect  such  discoveries.  Finally,  PER  is  designed  to  generate  d-sound  inferences  only.  Of 
course,  this  is  important  for  planning,  in  which  the  system  should  attempt  to  ensure  that 
the  proposed  plan  will  succeed.  However,  it  requires  that  all  relevant  knowledge  be  avail¬ 
able  and  is  limited  to  non-learning  situations.  PHINEAS’  mechanisms  for  seeking  assumable, 
alternate  relations  may  be  seen  as  an  attempt  to  alleviate  this  problem. 


10.2.1.4  Greiner’s  NLAG 


Greiner’s  (1986,  1988)  work,  like  this  thesis,  addresses  the  problem  of  analogy  in  the  context 
of  i-sound  inferences.  Given  an  analogical  hint  “A  is  like  B”  (A~B),  a  target  problem  PT, 
and  a  theory  Th,  his  NLAG  program  uses  the  abstraction-based  useful  analogical  inference 
operator  to  propose  a  solution  for  PT  in  the  target  domain  A.  is  defined  as: 


Th,  A~B  |~pT  V^CA) 
where  Unknown: 
Consistent: 
Common: 
Useful: 


Th^  cp{i) 

Th  ^  ~'¥’(A) 

TAN  <P{^) 

Th  U  Mi)}  \=  PT 


NLAG  begins  with  a  problem  statement  (e.g.,  “find  the  flowrate  through  the  stem  of 
water  pipes  forming  a  Y-junction”),  em  impoverished  theory  unable  to  solve  the  problem, 
and  an  analogical  hint  (e.g.,  “flowrate  is  like  current”).  NLAG  then  searches  through  its 
known  set  of  abstractions  which  refer  to  current  and  are  able  to  solve  a  base  rendition  of 
the  target  problem.  The  analogy  process  is  primarily  concerned  with  reinstantiating  the 
base  abstraction  for  the  target  problem,  such  that  it  is  both  consistent  and  useful. 

From  a  strictly  practical  level,  NLAG  is  one  of  the  few  domain-independent  analogical 
learning  systems  demonstrated  on  a  series  of  non-trivial  tasks.  From  a  more  theoretical 
level,  Greiner’s  work  provides  important  first-steps  in  formalizing  analogy.  He  states  two 
important  constraints  on  the  analogy  process.  First,  it  establishes  consistency  as  a  central 
constraint.  Second,  it  proposes  utility  as  zm  additional  constraint  on  analogical  inference. 
This  is  a  predecessor  to  the  performance  measure  of  inference  adequacy  described  in  Chap¬ 
ter  6. 

However,  Greiner’s  work  places  excessive  constraints  on  the  analogy  process.  First,  the 
consistent  requirement  forces  analogical  inference  to  be  monotonic.  Second,  the  theory 
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views  analogy  as  a  form  of  instantiation  over  extensionally  defined  schemas  or  abstractions. 
Thus,  much  of  the  answer  is  given  before  the  process  starts.  Finally,  abstractions  must  apply 
without  change.  This  does  not  take  into  account  the  potential  adaptation  required  when 
moving  from  one  situation  or  domain  to  another. 

10.2.1.5  Holyoak  and  Thagard’s  ACME 

Since  the  first  publication  of  SME  (Falkenhainer  et  al.,  1986),  Holyoak  and  Thagard  (1988a) 
have  developed  ACME,  a  program  which  places  much  of  the  SME  design  into  a  connectionist 
relaxation  framework.  Specifically,  rather  than  the  three  merge  steps  used  in  SME,  ACME 
feeds  its  local  match  hypotheses  into  a  lateral-inhibition,  spreading  activation  network 
(figuratively  equal  to  Figure  3.4).  This  eliminates  the  potentially  expensive  merge  steps 
by  replacing  them  with  a  connectionist  relaxation  technique  that  is  able  to  produce  a 
“best”  interpretation  without  explicitly  generating  all  interpretations.  By  using  a  relaxation 
network,  their  constraints  on  mapping  are  not  absolute,  but  rather  provide  “pressures” 
that  guide  the  emergence  of  a  global  mapping.  This  is  very  elegant.  On  the  other  hand, 
they  cite  SME’s  development  of  absolute  alternate  interpretations  as  a  limitation  that  ACME’s 
pressures  are  able  to  avoid.  This  conclusion  needs  further  consideration.  Unlike  SME,  ACME’s 
pressures  are  not  governed  by  global  context  to  ensure  that  purely  local  considerations  do 
not  produce  global  incoherency.  For  example,  this  “feature”  would  cause  ACME  to  generate  a 
single  interpretation  in  mapping  one  necker  cube  to  another,  since  many-to-many  mappings 
are  allowed  if  there  is  equal  evidence  supporting  each  interpretation. 

10.2.2  Explanation  and  Theory  Formation 

In  addition  to  analogy,  this  work  is  relevant  to  research  in  explanation  and  scientific  dis¬ 
covery.  The  following  subsections  examine  this  relationship. 

10.2.2.1  Interpretation  and  qualitative  reasoning 

PHINEAS  is  aji  interpretation  system,  ascribing  plausible  causal  explanations  to  an  observed 
behavior.  Prior  models  of  causal  analysis  reason  horn  a  fixed  set  of  axioms  to  provide  an 
explanation  of  a  physical  system’s  behavior.  They  assume  knowledge  of  all  relevant  physical 
processes  and  the  complete  structural  description  reqmred  to  apply  these  processes  to  the 
current  situation. 
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One  such  method  is  ATMI  (Forbus,  1986a;  DeCoste,  1989).^  The  ATMI  method  ap¬ 
proaches  the  interpretation  problem  in  a  purely  forward-going  manner:  determine  every¬ 
thing  that  could  possibly  happen  given  the  current  physical  configuration  and  then  see  if 
the  observation  corresponds  to  one  of  those  predictions.  This  has  two  problems.  First, 
predicting  everything  that  could  possibly  happen  for  a  specified  physical  setting  is  pro¬ 
hibitive  for  large  problems.  Incremental  envisioning,  in  which  predictions  are  generated 
incrementally  in  response  to  observation,  appears  to  be  a  potential  solution  for  this  prob¬ 
lem  (DeCoste,  1989).  Second,  if  the  physical  configuration  is  not  fully  specified,  the  set  of 
predictions  with  which  to  compare  will  be  empty  unless  assumptions  can  be  made  about 
the  scenario  For  a  forward-going  mechanism,  this  requires  a  priori  specification  of  what 
may  be  assumed,  which  seems  untenable  if  generality  is  desired.  Specifically,  the  ATMI 
approach  has  no  mechajiism  for  dictating  model  selection  once  assumptions  are  allowed. 
Placing  PHINEAS  on  top  of  aji  ATMI  approach  hats  the  appealing  characteristic  of  providing 
the  focus  common  to  backward-going  abductive  systems,  while  retaining  ATMI’s  concern 
for  the  problems  of  numeric  data  analysis  and  real  time  processing.  PHINEAS  is  able  to  focus 
model  selection,  identify  needed  assumptions,  and  conjecture  novel  models  if  the  domain 
theory  is  incomplete. 

10.2.2.2  Sciertific  discovery 

When  viewed  as  research  in  machine  discovery,  this  work  represents  a  significant  devi¬ 
ation  from  traditional  research  (Langley,  1981;  Langley  et  al.,  1987;  Falkenhainer,  1985; 
Falkenhainer  &  Michalski,  1986;  Rose  &  Langley,  1986;  Zytkow  &  Simon,  1986),  which  has 
focused  on  the  formation  of  empirical  laws  characterizing  a  set  of  observations.  These 
equations,  whether  numeric  or  symbolic,  characterize  the  behavior  of  a  situation  rather 
than  explain  it.  For  example,  BACON  (Langley,  1981)  and  ABACUS  (Falkenhainer,  1985) 
could  “discover”  the  ideal  gas  law  (PV=nRT)  but  could  not  explain  it.  Likewise,  STAHL 
(Zytkow  &  Simon,  1986;  Rose  &  Langley,  1986)  could  not  explain  how  coal  is  composed  of 
“matter  of  fire”  and  ash.  One  of  the  drawbacks  with  these  systems  is  their  complete  lack 
of  knowledge  about  the  domain,  the  data  variables  being  manipulated,  and  prior  reasoning 
experiences.  They  fail  to  captiue  the  use  of  models  in  scientific  investigation,  which  serve 
to  drive  prediction  and  suggest  relevant  questions,  leading  to  further  investigation. 

While  ABACUS  was  an  investigation  of  the  knowledge- weak  end  of  the  spectrum,  PHINEAS 
is  an  investigation  of  the  opposite,  knowledge-intensive  end.  In  being  theory-driven,  it  is 

^Hert,  I  do  not  distinguish  between  Forbus’  ATMI  program  and  Decoste’s  DATMI  program,  which  each 
share  the  features  relevant  to  this  discussion. 
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more  in  the  spirit  of  recent  work  by  Rajamoney  (1988a,  1988b).  He  examines  the  problem 
of  revising  existing  theories  in  light  of  new,  anomalous  observations,  using  explanation- 
based  and  directed-experimentation  techniques  to  prune  the  space  of  revision  hypothe¬ 
ses.  These  methods  are  powerful  for  identifying  consistent  revisions,  but  prune  candidates 
rather  than  reduce  the  search  space.  The  analogical  approach  to  theory  revision  pro¬ 
posed  in  Chapter  7  and  the  combined  use  of  analogy  and  experimentation  presented  in 
(Falkenhainer  &  Rajamoney,  1988)  are  intended  to  alleviate  this  problem. 

10.2.2.3  Thagard  and  Holyoak’s  PI 

The  type  of  theory  formation  through  analogy  described  in  this  thesis  is  an  instance  of  what 
Thagard  (1987)  CciUs  analogical  abduction.  While  his  PI  system  (Thagard  Sz  Holyoak,  1985; 
Thagard,  1987)  addresses  the  same  type  of  task,  our  methods  are  very  different.  First,  PI 
reasons  using  rule  and  schema  representations  that  are  substantially  less  sophisticated  than 
those  used  for  PHIMEAS.  For  example,  a  rule  that  waves  “reflect”  is  used  to  propose  that 
sound  might  “reflect”  because  it  is  a  wave  (i.e.,  Wav*(x)  =>  Reflect(x)).  Second,  the 
need  for  potential  refinement  is  not  recognized.  Furthermore,  these  schema-based  models 
are  not  runnable  and  thus  cannot  generate  predictions  at  the  level  needed  for  empirical 
confirmation. 

10.2.2.4  Th**  Yale  SWALE  project 

SWALE  (Kciss,  1986;  Leake  &  Owens,  1986;  Kass  et  al.,  1986)  is  a  system  under  development 
at  Yale  which  uses  stored  explanation  patterns  to  construct  explanations  of  novel  events, 
such  as  the  death  of  a  famous  race  horse.  It  is  able  to  adapt  prior  explanations  to  novel 
situations  by  tweaking  the  schema  to  fit  the  specifics  of  a  new  case.  In  this  manner,  it 
has  many  similarities  to  Kedar-CabeUi’s  PER  model,  since  both  attempt  to  deductively 
rederive  portions  of  a  prior  explanation  that  do  not  apply  in  the  new  situation.  SWALE’s 
replay  process  is  able  to  achieve  a  fair  degree  of  sophistication  by  drawing  from  a  library 
of  tweaking  strategies  which  suggest  ways  to  repair  inapplicable  portions  of  a  recalled 
explanation.  SWALE  does  not  attempt  to  address  the  complete  correspondence  problem, 
since  object  level  mappings  are  unambiguous  in  the  small  stories  analyzed.  Additionally, 
SWALE  is  designed  as  more  of  a  deductive  rather  than  analogical  system.  For  example,  it 
does  not  address  cross-domain  analogy  issues,  such  as  semantic  similarity  and  forming  new 
relations  or  objects. 
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10.2.2.5  Langley  and  Jones 

Around  the  same  time  that  PHINEIAS  was  first  published  (Falkenhainer,  1986),  Langley  A: 
Jones  (1986)  proposed  an  architecture  sharing  its  ‘‘analogy  through  behavioral  similarity" 
component.  Their  proposal  was  directed  at  capturing  the  process  of  scientific  insight  (e.g.. 
Dreistadt,  1968),  in  which  recognition  of  a  potential  analogue  is  a  temporally-extended  pro¬ 
cess  consisting  of  a  gradually  increasing  familiarity  with  the  target  concept  culminating  m 
sudden  recognition.  Modeling  this  aspect  of  analogy  is  important  and  their  work  represents 
the  only  Al  research  in  this  area  that  1  know  of. 

10.2.2.6  Shrager’s  IE 

Shrager's  (1987)  IE  is  a  system  designed  to  formulate  a  theory,  without  instruction,  about 
a  device  to  enable  successful  operation  of  the  device.  The  system’s  primary  theory  develop¬ 
ment  mechanism  is  view  application,  which  incrementally  combines  abstract  schemas  drawn 
from  a  '■  anety  of  domains  to  formulate  and  reformulate  developing  theories.  It  bears  strong 
resemblance  to  analogy  and  shares  many  of  the  abstract  theory  development  goals  found  in 
PHINEAS.  They  may  be  compared  on  a  number  of  points.  First,  although  Shrager  indicates 
that  view  application  maps  from  an  abstraction  onto  an  instance,  PHINEAS  makes  no  com¬ 
mitment  as  to  the  content  of  the  base  information  and  typically  draws  from  prototypical 
or  abstract  scenarios.  Second,  application  of  a  view  may  reformulate  existing  knowdedge. 
whereas  PHINEAS'  mapping  mechanism  is  stnctly  additive.  On  the  other  hand,  V’B.AL 
recognizes  that  an  analogy  (or  applied  view)  may  be  “almost  right"  and  need  slight  ad¬ 
justment,  whereas  IE  makes  repairs  only  via  additional  views  (analogies).  Third,  PHINEAS 
embodies  a  richer  notion  of  predicate  similarity,  providing  more  autonomous  access,  and  a 
mapping  and  transfer  phase  better  able  to  cope  with  differences  in  vocabulary, 

I  believe  that  view  application  corresponds  to  analogy  mapping  from  abstractions,  with 
its  coercion  operation  corresponding  to  PHINEAS’s  transfer  phase.  However,  since  the  op¬ 
erations  of  PHINEAS  are  not  a  superset  of  (nor  a  subset  of)  view  application,  additional 
research  is  needed  to  combine  important  features  of  both. 

10.3  The  Future 

This  section  describes  some  of  the  fundamental  open  research  problems  encountered  dining 
the  development  of  PHINEAS.  In  addition,  a  few  more  realistic  short-term  extensions  and 
applications  of  the  current  work  are  described 


10.3.1  Analogy 

Research  on  computational  analogy  is  still  in  its  infancy.  Below  are  a  number  of  open 
problems  that  seem  particularly  important  for  future  progress  in  the  field. 

10.3.1.1  The  access  problem 

The  problem  of  retrieving  a  plausibly  useful  analogue  from  memory  still  stands  as  the 
least-understood,  most  important  unsolved  problem  in  analogy.  To  date,  most  research 
has  been  able  to  avoid  the  problem,  either  through  tutorial  settings  in  which  valuable  hints 
are  provided  or  by  restricting  work  to  specialized  forms  of  within-domain  analogy.  The 
two-stage  m.echanism  described  in  this  thesis  (i.e.,  use  abstractions  to  focus  on  candidate 
set,  use  structural  comparison  to  prune  and  order  this  set)  still  side-steps  important  issues. 
How  are  these  abstractions  formed  for  the  stored  situations?  How  are  they  recognized  in 
the  target  situation?  How  are  they  organized  so  that  an  excessive  number  of  analogues  are 
not  retrieved? 

10.3.1.2  The  consistency  -  coherency  problem 

In  Chapter  2  I  claimed  that  two-valued  consistency  is  overly  restrictive  as  a  bcisis  for 
analogical  processing.  However,  no  real  solution  is  offered.  PHINEAS’  task  is  to  do  almost 
whatever  it  takes  to  construct  an  explanation  for  an  observed  situation.  It  has  no  "I  have 
no  idea  mechanism,  unless  no  candidate  analogue  can  be  found  to  initiate  the  explanation 
process  or  no  hypothesis  can  be  formed  that  is  consistent  with  the  observation.  This  is 
part  of  the  intended  design.  The  best  explanation  available  that  is  consistent  with  the 
observation  will  be  offered,  no  matter  what  the  “cost".  Determining  if  that  “cost”  is  too 
great  for  the  explanation  to  be  accepted  is  considered  the  province  of  final  acceptance  and 
storage,  which  are  postprocesses  external  to  PHINEAS.  An  evaluative  measure  which  takes 
into  account  the  cost  of  overthrowing  prior  beliefs  for  the  benefits  of  a  more  coherent  belief 
state  is  needed.  Additional  factors  such  as  plausibility  and  specificity  in  ^rcounting  for  the 
phenomenon  are  required  a.s  well.^ 

10.3.1.3  The  semantic  similarity  problem 

The  definition  of  functionally  analogous  given  in  Chapter  2  solved  a  simplified  version 
of  what  appears  to  be  a  fundamental  problem  in  analogy  research  -  that  the  similarity 
of  two  items  depends  on  their  respective  roles  in  the  representations  being  manipulated. 

^Steps  in  this  direction  include  HYPO  (Ashley  ic  Rissland,  1967)  and  ECHO  (Thagard,  1988). 
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Indeed,  the  entire  meaning  of  these  representations  may  be  context-sensitive.  Recently, 
work  on  situated  meaning  (Agre  &  Chapman,  1987;  Suchman,  1987)  has  begun  to  explore 
these  ideas. 


10.3.1.4  The  compiled  knowledge  problem 

As  discussed  in  Chapter  2,  AI  systems  tend  to  use  compiled  knowledge,  in  which  interme¬ 
diate  reasoning  steps  are  absent  to  promote  efficiency  of  use.  This  runs  counter  to  the  need 
in  analogy  to  understand  the  reasons  behind  why  the  base  domain  description  is  organized 
the  way  it  is,  so  that  it  may  be  adapted  for  use  in  a  new  target  situation.  The  amount  of 
knowledge  required  to  be  a  proficient  analogizer  is  greater  than  the  amount  of  knowledge 
required  to  simply  perform  useful  inferences  in  the  original  b«ise  domain.  In  PHINEAS,  this 
was  addressed  by  adding  a  cache  slot  to  theories,  indicating  past  reasoning  not  explicit 
in  the  theory’s  description.  Specifically,  the  cache  slot  links  necessary  prerequisites  of  a 
process’  effects  relations  to  the  antecedents  that  satisfy  those  prerequisites.  However,  this 
is  a  small  fix  to  a  much  larger  problem.  Specifically,  a  fundamental  component  of  analogy 
is  knowing  why  the  relations  being  considered  for  mapping  are  there.  Knowing  why  prior 
decisions  were  made  the  way  they  were  is  important  to  being  able  to  satisfy  the  intent  of 
the  decision  without  necessarily  adhering  to  the  same  decision.^  Work  is  needed  to  specify 
what  knowledge  is  needed,  what  knowledge  should  be  cached,  how  that  knowledge  is  to  be 
retrieved,  and  how  that  knowledge  is  to  be  used  in  the  analogy  process. 

10.3.1.5  The  one-to-one  constraint 

In  the  specification  of  contextual  structure-mapping,  I  adopted  Centner’s  one-  to-one  map¬ 
ping  constraint.  It  is  clearly  important,  in  that  its  complete  removal  results  in  nonsense 
mappings.'*  However,  there  are  cases  where  relaxing  the  one-to-one  constraint  would  be 
very  useful.  For  example,  consider  an  example  adapted  from  (Kedar-Cabelli,  1988),  in 
which  a  conical  styrofoam  cup  (scup)  is  compared  to  a  metal  cup  (mcup)  with  a  handle, 
both  for  the  purpose  of  containing  a  hot  liquid.  In  the  case  of  the  metal  cup,  a  single 
structural  characteristic  (i.e.,  Has-Handle)  satisfies  two  functional  roles  (i.e.,  Insulated 
and  Grasping-Area): 

similar  point  has  been  made  by  Carboneil  (1983a)  in  the  context  of  planning  by  analogy. 

^An  experiment  was  tried  using  SHE  with  no  one-to-one  constraints  installed.  At  all  times,  this  results  in 
a  single  interpretation  which  is  effectively  the  union  of  all  possible  interpretations  SME  would  have  generated 
were  one-to-one  being  enforced. 
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Functign; _ Styrofoam  cup _ Metal  cud 

Insulated:  (Styrofoam  scup) - (Has-'Handle  mcup) 

Grasping-Area:  (Conical  scup)  _  (HaiS'Handle  mcup) 


Thus,  a  many-to-one  mapping  is  necessary  to  process  this  rather  obvious  analogy.  This 
is  a  prevalent  phenomenon  in  mechanical  design,  in  which  a  common  goal  is  to  minimize 
the  number  of  parts  by  maximizing  the  multiple  functions  each  part  provides.  Research  is 
needed  to  identify  when  the  important  constraint  provided  by  the  one-to-one  requirement 
should  be  violated. 

10.3.2  Abduction  and  default  reasoning 

What  is  assumable?  Work  on  abduction  tends  to  side-step  this  issue  in  several  ways.  First, 
probabilistic  models  (e.g.,  Szolovits,  1982;  Buchanan  &  Shortliffe,  1984)  have  the  luxury  of 
a  priori  probabilities  cissigned  to  antecedent  information,  allowing  the  use  of  probabilistic 
decision  analysis.  When  addressing  open-ended,  common-sense  problems  about  the  world, 
having  such  probabilities  seems  unrealistic.  Second,  most  work  in  abduction  has  been  ap¬ 
plied  to  diagnostic  problems  in  which  the  set  of  possible  diseaises  or  malfunctions  is  explicitly 
enumerated  (e.g.,  Buchanan  k  Shortliffe,  1984;  Josephson  et  al.,  1987).  An  enumerated  set 
of  all  assumables  for  the  domain  of  general  commonsense  physics  could  conceivably  consist 
of  the  entire  body  of  knowledge  about  the  domain.  What  to  tissume  seems  dependent  on 
the  particular  situation  under  consideration.  Finally,  work  in  interpretation  and  story  un¬ 
derstanding  (e.g.,  Charniak,  1988;  Mooney,  1987)  tends  to  use  schema-based  models  and 
identify  the  assumables  as  the  unknown  elements  of  a  relevant  schema.  The  approach  seems 
to  work  in  practice,  but  the  reasons  for  this  have  yet  to  be  studied.  Most  likely,  schema 
representations  implicitly  package  important  interrelations  between  the  constituent  facts, 
producing  intuitively  appealing  performance. 

In  PHINEAS,  Charniadc’s  (1988)  approach  of  assume  if  consistent  was  adopted.  While 
all  nonsense  assumptions  (according  to  my  own  personal  evaluation)  PHINEAS  ever  made 
were  attributable  to  gaps  in  the  domain  theory.  I’m  still  hesitant  to  consider  it  an  actual 
solution.  Some  form  of  likelihood  estimates  seem  necessary,  though  actual  probabilities 
provide  their  own  set  of  problems. 

For  example,  two  alternate  answers  were  possible  in  the  osmosis  example  described 
in  the  previous  chapter.  These  alternatives  center  around  the  belief  that  the  membrane 
separating  the  two  containers  is  a  Voluma-Solid  (i.e.,  solid  all  the  way  through,  non-porous, 
no  holes,  etc.)  in  which  case  the  membrane  could  not  be  a  fluid  path. 
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(Volume-Solid  ?obj)  =►  (not  (Fluid-Path  ?obj)) 

In  the  previous  chapter,  PHINEAS  was  shown  to  propose  that  the  membrane  was  a  Fluid-path 
by  defeating  its  default  assumption 

(Solid  ?obj)  =»  Assume(Volume-Solid  ?obj) 

However,  if  the  membrane  was  firmly  believed  to  be  a  Volume-Solid,  then  PHINEAS  would 
have  proposed  the  existence  of  an  unknown  fluid  path,  (FLUID-PATH  SK-PIPE-3),  rather 
than  identify  the  membrane  as  the  suspected  path.  Whether  or  not  a  third  alternative, 
that  the  membrane  is  a  new  kind  of  Fluid-Path,  should  be  one  of  PHINEAS’  options  is 
uncertain.  It  might  lead  to  a  combinatoric  explosion  in  assumptions. 

10.3.3  Integrating  and  refining  multiple  models 

Figure  10.1  shows  a  sliding  garage  door  in  its  open,  equilibrium  position.  Told  that  the 
door  is  on  a  track,  the  task  is  to  explain  its  operation  and  why  it  oscillates  when  opened 
(importantly,  the  observer  does  not  know  about  the  spring  shown  in  the  figure).  Explaining 
the  entirety  of  its  behavior  was  one  of  the  intended,  but  unrealized  goals  for  PHINEAS.  It 
is  a  highly  desirable  example  for  an  analogical  explanation  system  like  PHINEAS.  First,  it 
requires  more  sophisticated  reasoning  than  previously  described  examples.  Second,  it  re¬ 
quires  the  integration  of  multiple  models  about  the  door’s  different  aspects  (e.g.,  the  action 
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of  both  gravity  and  the  hypothesized  spring).  Finally,  it  requires  substantial  adaptation  of 
the  relevant  models. 

Consider  the  intricacies  of  the  door’s  behavior.  Simply  applying  a  spring-block  oscillator 
model  to  this  system  would  not  produce  accurate  enough  predictions.  First,  as  the  door 
nears  its  closed  position,  a  point  is  reached  where  the  closing  force  of  gravity  dominates  the 
opening  force  of  the  spring.  This  is  because  the  door’s  overhang  is  a  function  of  position. 
Second,  consider  what  happens  as  the  door  oscillates.  Moving  further  up  the  track  moves 
the  door’s  anchoring  line  to  the  left,  thus  stretching  the  spring.  Moving  further  down  the 
track  pulls  the  door’s  anchoring  line  down  (or  to  the  right),  thus  stretching  the  spring  as 
well.  This  configuration  produces  standard  spring-block  oscillation,  yet  does  so  only  by 
stretching  the  spring,  never  compressing  it.  Using  analogy  to  understand  how  this  garage 
door  operates  requires  some  minimal  knowledge  of  geometry  and  the  ability  to  refine  an 
initial  stretch-compress  model  into  a  stretch-stretch  model.  Even  so,  it  is  clear  that  there 
is  a  strong  analogy  here,  showing  the  utility  of  analogy  for  providing  an  initial  model  from 
which  to  work.  Developing  a  system  that  can  explain  the  garage-door  scenario  will  require 
further  research  in  analogy  using  multiple  models  (e.g.,  extending  work  begun  by  Burstein 
(1983)),  complex  qualitative  reasoning  and  modeling  (e.g.,  Falkenhainer  Sc  Forbus,  1988), 
and  spatial  reasoning  (e.g.,  Forbus  et  al.,  1987;  Joskowicz,  1987;  Nielsen,  1988) 

10.3.4  Generalizing  the  model 

At  the  start  of  this  chapter,  I  expressed  the  belief  that  the  model  PHINEAS  embodies  has 
broad  utility.  This  remains  to  be  shown.  Adapting  the  ideas  to  applications  in  automated 
design  and  planning  seems  a  natural  first-step  in  testing  their  breadth  and  utility.  Inter¬ 
pretation,  design,  and  planning  tasks  are  of  a  similar  nature:  identify  a  sequence  of  events 
that  transform  some  initial  state  into  a  given  final  state  (Simmons  Sc  Davis,  1987). 

There  are  two  prerequisites  to  constructing  the  next  generation  PHINEAS.  First,  knowl¬ 
edge  which  is  procedurally  encoded  in  the  program  must  be  made  decl£irative  before  task 
independence  can  be  achieved.  This  includes  the  access  belief  of 

(Correlated-to  cause  behavior) 

as  well  as  the  same  correlations  assumed  during  the  generation  of  candidate  inferences. 
Some  have  already  begun  to  address  this  problem  (B£dcer  et  al.,  1988;  Clark,  1988;  Davies 
Sc  Russell  1987;  Russell,  1987).  Second,  the  adequacy  definition  and  its  corresponding  eval¬ 
uative  method  must  be  generalized  to  include  any  problem  solving  activity.  For  example,  a 
proposed  design  must  actually  produce  the  specified  behavior.  Note  the  similarity  between 
this  requirement  and  the  adequacy  requirement  currently  used  in  PHINEAS. 


197 


10.3.5  Scientific  Discovery 

Undoubtedly,  a  lot  of  information  h2is  been  implicitly  and  unintentionally  built  into  PHINEAS. 
How  else  could  we  explain  the  relative  ease  with  which  it  conjectured  a  caloric,  flowlike 
model  of  the  thermal  phenomena  given  it.  For  example,  PHINEAS  lacks  the  experiential  and 
theoretical  breadth  and  depth  that  makes  science  a  tedious,  complex,  and  often  ambiguous 
process.  Furthermore,  the  data  given  PHINEAS  is  predominately  relevant  and  distilled.  Per¬ 
haps  the  initial  proposal  of  the  caloric  theory  was  actually  this  simple  once  all  the  relevant 
observational  information  was  available  (e.g.,  the  fact  that  the  temperatures  of  r.  hot  and 
cold  object  placed  in  contact  actually  become  equal  was  not  discovered  until  the  invention 
of  the  thermometer  (Roller,  1961;  Wiser  &  Carey,  1983)).  Unfortunately,  we  probably  will 
never  know.  Accurately  recreating  the  knowledge  (or  lack  of)  existing  immediately  prior 
to  the  development  of  the  caloric  theory  would  be  extremely  difficult  if  not  impossible. 

This  problem  is  common  to  all  existing  work  in  computational  scientific  discovery.  Fa¬ 
mous  theories,  taking  months,  years,  or  centuries  to  develop  are  somehow  “rediscovered” 
in  a  matter  of  minutes  or  hours.  Despite  this  obvious  problem,  much  has  been  and  will 
continue  to  be  learned  from  such  endeavors.  However,  soon  we  must  attempt  “the  real 
thing”  -  apply  these  systems  to  open  research  problems,  or  at  the  very  least,  problems  that 
may  be  considered  unknown  to  the  program  developer.  While  the  field  is  still  too  much  in 
its  infancy  to  be  making  such  attempts,  the  time  to  tackle  real  problems  is  near. 

10.3.6  Integrated  experiential  learning 

PHINEAS  and  all  other  analogy  systems  built  to  date,®  use  analogy  as  their  sole  learning 
method.  However,  analogy,  like  any  other  single  learning  mechanism,  is  best  viewed  as  a 
single  component  in  a  synergistic  cooperation  of  learning  methods.  For  example,  in  sci¬ 
entific  investigation,  an  analogically  derived  hypothesis  may  suddenly  “come  to  mind”. 
However,  this  flash  of  insight  may  have  been  preceded  by  a  tedious,  incremental  process  in 
which  data  was  collected  and  analyzed,  patterns  sought,  and  overall  familiarity  increased 
(Dreistadt,  1968;  Langley  &  Jones,  1988).  In  order  to  build  a  general  investigative  system, 
we  must  integrate  analogy  with  directed  experimentation,  empirical  learning,  and  analytic 
learning.  Some  work  on  developing  a  general  protocol  enabling  such  interaction  has  al¬ 
ready  begun  (Falkenhainer  &  Rajamoney,  1988).  However,  the  protocol  does  not  answer 
the  question  of  how  an  analogy  system  may  take  advantage  of  the  work  prior  problem  solv¬ 
ing  and  trend  detection  provides.  Additionally,  it  says  nothing  about  how  the  results  of 

*An  exception  is  the  EBL  system  developed  by  Winston  el  al  (1983),  which  used  Winston’s  general 
AIALOGY  program  to  suggest  expirations  for  explanation-based  generalization. 
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analogy  should  be  integrated  into  memory.  At  what  point  does  the  generalization  process 
often  associated  with  analogy  take  place? 

10.3.7  Lifespan 

I  will  close  this  thesis  by  considering  a  somewhat  loftier,  long-term  research  problem.  Even¬ 
tually,  in  buiding  learning  systems  that  are  able  to  create  new  concepts  and  overthrow 
existing  belief  structures  (i.e.,  learn  at  the  know  ledge- level  (Dietterich,  1986)),  we  will  have 
to  address  the  problem  of  how  knowledge  evolves.  True  knowledge- level  learning  over  an 
extended  period  of  time  is  non- monotonic.  This  leads  to  the  following  problem: 

•  The  insecurity  problem:  A  learning  system  operating  in  a  real-world  environ¬ 
ment  and  capable  of  augmenting,  restructuring,  and  doubting  its  knowledge  will 
be  faced  with  the  dilemma  of  deciding  between  doubting  the  validity  of  what 
it  encounters,  doubting  the  validity  of  its  hypothesis  about  the  encounter,  or 
doubting  the  correctness  of  what  it  believes. 

If  a  new  experience  leaids  to  an  explanatory  hypothesis  that  contradicts  existing  beliefs, 
should  the  system  question  the  observation,  its  hypothesis,  or  its  prior  knowledge?  The  inse¬ 
curity  problem  also  emcompasses  the  experiential  consistency  problem  (Rajamoney,  1988b): 
a  new  hypothesis  must  be  consistent  with  the  entirety  of  a  system’s  past  experiences.  This 
is  an  untenable  requirement  in  its  absolute  form.  Yet,  once  exceptions  to  beliefs  are  allowed, 
we  are  once  again  faced  with  the  problem  of  knowing  where  and  when  to  doubt. 

This  is  a  particularly  acute  problem  in  an  analogical  learning  system  like  PHINEAS, 
which  is  capable  of  proposing  hypotheses  about  an  observation  that  are  consistent  with  the 
observation,  but  conflict  with  existing  beliefs.  PHINEAS  has  been  restricted  to  emulate  an 
essentially  a  monotonic  learning  system.  The  only  beliefs  PHINEAS  is  allowed  to  overthrow 
are  closed  world  assumptions  about  the  breadth  of  its  knowledge.  If  an  existing  belief  is 
contradicted,  a  new  concept  is  generated  rather  than  attempt  to  overthrow  that  existing 
belief.  That  restriction  effectively  avoids  the  problem.  For  example,  when  considering  a 
slight  modification  of  an  existing  concept,  should  the  old  concept  be  generalized,  modified 
by  addition  of  disjuncts,  or  a  new  concept  created?  In  PHINEAS,  a  new  concept  is  proposed 
along  with  detailed  information  about  how  the  concept  weis  created.  The  storage  issue 
concerned  with  what  to  do  with  the  proposed  concept  is  viewed  as  external  to  PHINEAS. 

The  comfort  of  maintaining  a  constant  deductive  closure  is  very  seductive.  As  soon  as 
you  step  beyond  the  deductive  closure,  you  effectively  enter  the  twilight  zone.  The  reasoning 
agent  can  actually  question  the  validity  of  its  own  beliefs.  Insecurity  sets  in.  This  is  part  of 
the  current  gap  between  machine  learning  systems  and  what  might  be  called  an  intelligent, 
learning  agent.  However,  this  gap  is  what  I  believe  makes  the  research  interesting. 
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Appendix  A 

Note  on  Abductive  Backchaining 


As  described  in  Chapter  5,  the  abductive  retrieval  task  is  to  find  consistent  instiintiations 
for  a  given  well-formed  formula  p.  If 

p  =  Cl  A  Cj  A  . . .  A  Cif 

and  only  a  subset  of  its  elements  may  be  shown,  the  remaining  conjuncts  are  assumed, 
contingent  on  their  joint  consistency.  If  p  contains  free  variables,  this  task  requires  consid¬ 
eration  of  the  N-M  binding  problem.  For  example,  given  the  goal  to  show 

P(?x)  A  (?(?x)  A  i2(?x) 

with  F(o),  Q(b),  and  R{b)  believed  true,  the  abductive  retriever  should  return  two  possi¬ 
bilities: 

Binding  Assumptions 
1:  ( lx  .  a)  Q(a)  A  R(a) 

2:  (lx  .  b)  P(b) 

Solving  each  subgoal  sequentially  will  prevent  the  second  possibility,  because  the  values  for 
lx  after  solving  for  P{’ix)  are  limited  to  {a}. 

This  appendix  begins  with  an  overview  of  the  abductive  retriever  used  in  PHINEAS.  It 
then  presents  the  method  by  which  conjunctive  goals  are  solved.  Throughout  the  discussion, 
it  is  assumed  that  knowledge  is  expressed  as  horn  clauses. 
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Figure  A.l:  Monitors  manage  communication  between  subgoals  and  parent  goal.  (1)  Re¬ 
ceive  a  response  from  a  subgoal.  (2)  Have  all  the  subgoals  responded?  (3)  If  so,  generate 
the  current  set  of  possible  answers.  (4)  Return  those  answers  to  the  parent  goal. 


A.l  Monitors 

Each  goal  is  managed  by  a  monitor,  which  coordinates  efforts  to  solve  the  goal  and  sends 
responses  to  its  puent  goal  each  time  a  new  solution  is  found  (Figure  A.l).  Monitors  are  of 
three  types,  corresponding  to  the  goal  managed:  atomic,  conjunctive,  and  backchain.  Mon¬ 
itor  execution  is  controlled  by  an  agenda,  which  is  an  ordered  list  of  monitors  corresponding 
to  the  leaves  of  the  search  tree.^ 

Responses  from  a  subgoal  to  its  parent  goal  consist  of  {answers,  response-type)  pairs. 
There  are  three  response  types.  A  con^lete  reponse  indicates  that  no  further  answers  are 
possible  beyond  the  set  of  answers  currently  being  returned.  A  partial  response  returns 
an  existing  set  of  answers  and  indicates  that  additional  responses  may  be  forthcoming.  For 
example,  a  goal  to  show  an  atomic  formula  will  both  perform  a  fetch  for  existing  instances, 
which  are  returned  through  a  partial  response,  amd  spawn  a  backward  chaining  subgoal 
to  seek  additional  possibilities.  Finally,  a  fail  response  indicates  that  no  answers  have 

^  Monitors  are  placed  in  order  of  increasing  depth,  producing  breadth-iirst  search.  A  more  sophisticated 
strategy  would  take  into  consideration  the  plausibility  of  assumptions,  complexity  and  specificity  of  the 
explanation,  and  the  current  success  of  alternate  explanations. 
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been  found  and  will  never  be  found.  For  example,  a  backchaining  monitor  will  immediately 
send  a  fail  response  if  there  are  no  applicable  rules.  A  monitor  responding  with  complete 
or  fail  is  considered  closed.  For  example,  an  atomic  goal  will  close  with  a  response  of 
complete  if  its  initial  fetch  for  existing  instances  is  successful  and  its  backchaining  subgoed 
fails. 


A. 2  Conjunctive  Goals 

The  retrieval  task  may  be  reformulated  in  terms  of  the  free  variables  {vi,V2, . . . ,  con¬ 
tained  in  p:  find  a  substitution  9  which  cissociates  each  Vi  to  a  known  entity  such  that 
p9  is  believed  consistent  in  some  ATMS  context.  In  this  view,  each  retrieved  instantiation 
Ci^  of  conjunct  Ci  supplies  new  possible  bindings  for  the  free  variables  it  contains.  Each 
possible  value  tor  a  free  vaxiable  is  implicitly  represented  as  an  ATMS  node  corresponding 
to  the  assignment  7  vi—valuej  and  is  supported  by  the  instantiated  nodes  using  that  value 
for  ?Uj.^  For  example,  if  the  task  is  to  retrieve 

P(  ?x,  ?yj  A  Qf  ly,  Iz) 

then  retrieval  of  P(3,4),  P(3,5),  and  <3(4,7)  produces  the  following  justifications 

P(3,4)  lx=S 
P(3,4)^  ly^4 
P(3,5)  ^  lx  =3 
F(3,5)-  ?y=5 
<3(4,7)-.  ly=4 
<3(4,7)  ->  ?z  =  7 

With  this  representation,  the  retrieval  task  is  to  find  all  consistent  bindings  containing 
exactly  one  selection  from  each  variable’s  choice  set: 

Ivi:  (( tv\=value\^) 

( ‘!vi=value\,) 

...) 

1v2-'  (( Iv2  =  value2i) 


is  an  implicit  ATMS  node  in  that  the  node  is  never  actually  created.  Rather,  its  label  (all  minimal 
sets  of  assumptions  under  which  the  node  is  believed)  is  computed  and  stored  separately  by  the  abductive 
retriever.  This  is  a  significant  efficiency  savings  and  eliminates  the  possibility  of  the  ATMS  database  becoming 
universally  contradictory.  This  can  happen  when  two  alternate  values  for  ?v<  have  absolute  support. 
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( tv^—valuezi) 

...) 


?Vm;  ((  '!Vr„  =  Valu€mJ 
(  ?t;„=t;a/uemj 

There  are  two  senses  of  consistency  relevant  to  this  operation.  First,  unification  con¬ 
sistency  of  the  bindings  must  be  mainteiined.  This  is  assured  by  the  unification  procedure 
used  to  retrieve  the  instantiated  expressions  and  the  criterion  that  only  one  selection  from 
each  variable’s  choice  set  is  allowed.  Second,  each  instantiation  for  the  conjunction  p  must 
be  consistent  with  existing  knowledge. 

The  algorithm  for  solving  a  conjunctive  goal  is  shown  in  Table  A.l.  The  task  begins 
by  activating  a  subgoal  for  each  conjunct  Ci,  followed  by  a  period  of  waiting  for  an  initial 
response  from  each  subgoal.  As  subg02ds  respond,  the  stored  set  of  possible  instantiations 
for  p’s  free  variables  is  updated.  Once  each  subgoal  has  responded,  the  conjunctive  goal’s 
monitor  computes  all  possible  substitutions  6i  from  the  existing  choice  sets.  Only  those 
substitutions  supported  by  zin  existing  ATMS  context  are  retained.  This  is  determined  by 
computing  the  conjunction  of  the  individual  binding  nodes  (  tvi= value j)  contained  in  a 
given  6i  and  verifying  that  this  conjunction  is  believed  in  some  context.^  As  stated,  this 
has  the  possibility  to  form  an  instantiation  for  p  in  which  none  of  the  conjuncts  are  believed. 
For  example,  given  the  goal 

P(?x,?y)  A  Q(?z,?y) 

Finding  P{a,b)  supports  zissumption  of  Q{a,b)  emd  finding  Q{c,d)  supports  assumption 
of  P{c,d).  Together,  these  candidates  suggest  the  instantiation  P{a,d)  A  Q{a,d).  Such 
unsupported  candidate  instantiations  are  rejected. 

Note  that  lack  of  an  ATMS  context  in  which  (Consistent  pO)  is  believed  does  not  imply 
p6  is  inherently  inconsistent.  It  simply  means  that  existing  assiimptions  supporting  the 
proposed  instantiation  of  p  are  mutually  inconsistent.  Alternate,  consistent  assumptions 
supporting  the  same  instantiation  could  arise  in  the  future.  However,  assuming  p9  in  the 
hope  of  future  consistency  is  deemed  too  weak  as  a  basis  for  making  abductive  assumptions. 


’The  ATMS  label  for  a  node  (  ?vt=valuej)  indicates  all  minimal  sets  of  assumptions  under  which  the  node 
is  believed.  The  existence  of  a  context  supporting  a  given  binding  set  is  verified  by  computing  the  label 
for  the  conjunction  of  all  nodes  (  ?Vi=valuej)  supporting  the  binding.  If  the  label  is  non-empty,  there  is 
at  least  one  context  in  which  p9  is  believed. 
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Table  A.l:  Abductive  retrieval  for  conjunctive  goals. 

1.  Spawn  an  atomic  subgoal  on  each  conjunct  {Ci, . . . , 

2.  Wait  for  initial  responses 

Repeat  Until  all  conjuncts  have  responded: 

(a)  Receive  response  from  C,- 

(b)  If  response  type  =  fail  and 

Ci  is  closable  via  closed  world  assumption  or  Ci  is  the  only  conjomct  contsdning  variable 
return  fail. 

(c)  Store  suggested  bindings  from  Ci 

3.  Generate  bindings  cross  product 

(a)  For  each  candidate  binding  d,  determine  if  is  supported  by  an  existing  ATMS  con¬ 
text  (i.e.,  its  label  is  non-empty).  Unsupported  bindings  are  rejected  due  to  their 
inconsistency. 

(b)  For  each  accepted  binding  6,  assume  unknown  conjuncts  in  pB. 

(c)  Respond 

If  there  are  binding  sets  and  every  Ci  task  is  dosed 
Kaspondibinding^sets,  coi^let*) 

If  there  are  binding  sets  and  there  is  a  Ci  task  that  is  not  closed 
Kaspond(.binding-sets ,  partial) 

If  there  are  no  binding  sets  and  every  Ci  task  is  dosed 
RespondClIL,  fail) 

4.  Extend  existing  possibilities 
Repeat  Until  every  Ci  task  is  closed 

(a)  Receive  response  from  Ci 

(b)  Store  suggested  bindings  from  Ci 

(c)  Extend  existing  binding  cross  product 

If  there  are  extensions  and  every  Q  task  is  dosed 
Kaspondibinding-sets,  couplet#) 

If  there  are  extensions  and  there  is  a  Ci  task  that  is  not  dosed 
KaapondCbinding-sets,  partiad.) 

If  there  are  no  extensions  and  every  Ci  task  is  dosed 
RespondClIL »  complete) 


Appendix  B 

Contextual  Structure  Mapping  Rule 
Set 


Contextual  structure  mapping  is  modeled  by  the  CSM  rule  set  given  to  SME,  which  defines 
SMEcsw-  This  single  rule  set  was  used  without  change  in  every  PHINEAS  example  described 
in  this  thesis.  Chapter  3  described  these  rules  and  gave  the  motivations  behind  each.  Here, 
the  complete  set  of  lisp  rules  used  in  SMEcsm  are  listed.  With  each  rule  is  an  indication  of 
the  predicate  calculus  rule(s)  from  Chapter  3  it  implements.  The  name  and  numbers  for 
each  rule  refer  to  the  rule’s  description  in  Chapter  3. 


B.l  Step  1:  Local  Match  Construction 

Given  two  dgroups,  SME  begins  by  finding  potential  matches  between  items  in  the  base  and 
target.  Allowable  matches  are  specified  by  match  constructor  rules,  which  take  the  form: 

(MHCrule  {{Trigger)  {BastV ariahle)  {TargetV ariable)  f-.test  {TestForm)]) 
{Body)) 


In  all  match  constructor  rules,  {Body)  is  executed  in  an  environment  in  which  {BaseVanable) 
and  {TargetV ariable)  are  bound  to  items  from  the  beise  and  target  dgroups,  respectively. 

If  {TestForm)  is  present,  the  bindings  must  satisfy  the  test  (i.e.,  the  form  when  evaluated 
must  return  non-NIL).  There  are  twe  possible  values  for  {TestForm).  A  : filter  trigger 
indicates  that  the  rule  is  applied  to  each  pair  of  items  from  the  base  and  target.  These  rules 
create  an  initial  set  of  match  hypotheses  between  individual  base  and  target  expressions. 

An  :  intern  trigger  indicates  that  the  rule  should  be  applied  to  each  newly  created  match 
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hypothesis,  binding  the  variables  to  its  base  and  target  items.  These  rules  create  additional 
matches  suggested  by  the  given  match  hypothesis. 


Rule  I  (Same  Functors) 

(MHC-nile  (;filter  ?b  ?t  :te*t  (and  («q  («xpr«ssion-functor  ?b)  (•zprass ion-functor  ?t)) 

(not  (paired- item?  : base-item  (expression-functor  '^b))) 

(not  (paired-item?  :target-item  (expression-functor  ?t)),))) 

(install-MH  ?>>  ’t)) 

Rule  2  (Functionally  Analogous) 

(MHC-rule  (; intern  ''b  ?t  :test  (and  (implicational?  ’b)  (implicational?  ?t))) 

(when  (and  (eq  (expression-functor  (implicational-consequent  ?b)) 

(expression-functor  (implicational-consequent  ?t))) 

; ;  Implying  a  logical  connective  doesn't  count 

(not  (logical?  (expression-functor  (implicational-consequent  ?b)))) 

; ;  A  logical  connective  implying  something  doesn't  count 

(not  (logical?  (expression-functor  (implicational-antecedent  ?b))))) 

;;  If  atomic  consequents  match,  then  match  atomic  antecedents 
(install-MH  (implicational-antecedent  ?b)  (implicational-antecedent  ’t)) 

(sme: assert!  ' (function-of  , (implicational-aintecedent  ?b) 

(supports  .(implicational-consequent  ?b)))) 

(sme:assert!  * (provides-f unction  .(implicational-antecedent  ?t) 

(supports  .(implicational-consequent  ?t)))))) 


Rule  3  (Sanctioned  Pairing) 
(MHC-rule  (; filter  ?b  ?t  :test 
(install-MH  ?b  ?t)) 


(sanctioned-pairing?  (expression-functor  ?b) 

(expression-functor  ?t))) 


...  Rules  4-6  (Son-Commutative  Corresponding  Arguments) 

(MHC-rule  (:  intern  ?b  ?t  -.test  (and  (expression?  ?b)  (expression?  ?t) 

(not  (commutative?  (expression-functor  ’b))) 

(not  (cosmiutative?  (expression-functor  ?t))))) 

(do  ((bchildren  (expression-arguments  ?b)  (cdr  bchildren)) 

(tchildren  (expression-arguments  ?t)  (cdr  tchildren))) 

((or  (null  bchildren)  (null  tchildren))) 

(cond  ((and  (entity?  (first  bchildren))  (entity?  (first  tchildren)) 

(or  (sanctioned-pairing?  (entity-nav*  (first  bchildren)) 

(entity-name  (first  tchildren))) 

(and  (not  (paired-item?  : base-item 

(entity-name  (first  bchildren)))) 

(not  (paired-item?  : target-item 

(entity-name  (first  tchildren))))))) 
''install-MH  (first  bchildren)  (first  tchildren))) 

((or  (entity?  (first  bchildren;)  (entity?  (first  tchildren))))  :quit 

((and  (function?  (expression-functor  (first  bchildren))) 

(function?  (expression-functor  (first  tchildren))) 

(not  (paired-item?  : base-item  (expression-functor  (first  bchildren)))) 
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(not  (pair«d-it«m?  :targ*t-it«*  (expression-lunctor  (lirst  t children) ))) ) 
(install-NH  (iirst  bchildren)  (first  tchildren))) 

((and  (not  (paired-itea?  ;base-itea  (expression-functor  (first  bchildren)))) 

(not  (paired-itea?  :target-itea  (expression-functor  (first  tchildren)))) 
(not  (function?  (expression-functor  (first  bchildren)))) 

(not  (function?  (expression-functor  (first  tchildren)))) 
(predicate-type-intersection?  (expression-functor  (first  bchildren)) 

(expression-functor  (first  tchildren)))) 
(install-MH  (first  bchildren)  (first  tchildren)))))) 

Rules  7-9  (Commutative  Corresponding  Arguments) 

(MHC-rule  (: intern  ?b  ?t  :tost  (and  (expression?  ?b)  (expression?  ?t) 

(oaautatixe?  (expression-functor  ?b)) 

(coaautative?  ( express ion-f\inctor  ?t)))) 

(dolist  (bchild  (expression-arguaents  ?b)) 

(dolist  (tchild  (expression-arguments  ?t)) 

(cond  ((and  (entity?  bchild)  (entity?  tchild) 

(or  (sanctioned-pairing?  (entity-name  bchild) 

(entity-name  tchild)) 

(not  (paired-item?  :base-item  (entity-name  bchild))) 

(not  (paired-item?  :target-item  (entity-name  tchild))))) 

(install-MH  bchild  tchild)) 

((and  (function?  (expression-functor  bchild) ) 

(function?  (expression-functor  tchild)) 

(not  (paired-item?  :base-itea  (expression-functor  bchild))) 

(not  (paired-iten?  rtarget-iten  (expression-functor  tchild)))) 
(install-MH  bchild  tchild)) 

((and  (not  (paired-itea?  :base-itea  (expression-functor  bchild))) 

(not  (paired-itea?  :target-itea  (expression-functor  tchild))) 

(not  (function?  (expression-functor  bchild))) 

(not  (function?  (expression-functor  tchild))) 
(predicate-type-intersection?  (expression-functor  bchild) 

(expression-functor  tchild))) 

(install-MH  bchild  tchild)))))) 


B.2  Step  2:  Global  Match  Construction 

Once  an  initial  set  of  match  hypotheses  is  formed,  the  pairwise  consistency  of  match  hy¬ 
potheses  stated  by  Conflicting (M H{bi,tj))  is  used  to  combine  them  into  maximal,  consis¬ 
tent  gmaps.  Rules  are  used  to  define  the  contents  of  Conflicting  for  each  match  hypothesis 
and  are  executed  by  the  pattern-directed  rule  engine  attached  to  the  BMS.  Their  syntax  is 
slighly  different  than  those  described  above.  Rather  than  being  assigned  specific  base  and 
target  items,  each  trigger  contains  a  pattern  which  must  unify  with  a  known  BMS  datum. 

;;;  Rules  10-13  (One-to-one  constraints) 
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;;;  one-to-ona  (expressions  k  entities)  base  case 
(nile  ((:intem  (MH  ?b  ?tl)) 

(: intern  (MH  ?>  ?t2)  :test  (not  (eq  ?tl  ?t2)))) 

(Conflicting  (fetch-ah  ?b  ?tl)  (fetch-ah  ?b  ?t2))) 

;;;  one-to-one  (expressions  k  entities)  target  case 
(rule  ((: intern  (MH  ?bl  ?t)) 

(: intern  (MH  ?b2  ?t)  :test  (not  (eq  ?bl  ?b2)))) 

(Conflicting  (fetch-ah  ?bl  ?t)  (fetch-ah  ?b2  ?t))) 

; ; ;  one-to-one  (predicates)  base  case 

(rule  ((:intem  (MH  ?bl  ?tl)  :test  (and  (expression?  ?bl)  (expression?  ?tl))) 
(: intern  (MH  ?b2  ?t2)  :test  (and  (expression?  ?b2)  (expression?  ?t2) 

(eq  (expression-functor  ?bl) 
(expression-functor  ?b2)) 

(not  (eq  (expression-functor  ?tl) 

(expression-functor  ?t2)))))) 
(Conflicting  (fetch-ah  ?bl  ?tl)  (fetch-ah  ?b2  ?t2))) 


; ; ;  one-to-one  (predicates)  target 
(rule  ((:intem  (MH  ’bl  ?tl)  :test 
(:  intern  (MH  ?b2  ?t2)  :test 


(Conflicting  (fetch-ah  ?bl  ?tl) 


case 

(and  (expression?  ?bl)  (expression?  ?tl))) 
(and  (expression?  ?b2)  (expression?  ?t2) 
(not  (eq  (expression-functor  ?bl) 

(expression-functor  ?b2))) 
(eq  (expression-functor  ?tl) 

(expression-functor  ?t2))))) 
(fetch-ah  ?b2  ?t2))) 


Rule  I4  (Temporal  preservation) 


(rule  ((; intern  (MH  ?bl  ?tl)  rtest  (and  (teaporally-scoped?  ?bl)  (teaporally-scoped?  ?tl))) 
(: intern  (MH  ?b2  ?t2)  rtest  (and  (teaporally-scoped?  ?b2)  (teaporally-scoped?  ?t2)))) 
(unless  (or  (and  (saae-tiae?  ?bl  ?b2)  (saae-tiae?  ?tl  ?t2))  ;both  same 

(and  (diff erent-tiae?  ?bl  ?b2)  (different-tiae?  ?tl  ?t2)))  ;both  different 
(Conflicting  (fetch-ah  ?bl  ?tl)  (fetch-ah  ?b2  ?t2)))) 


;;;  Rule  15  (Compound  object  rearrangement:  contatned-liqutd  case) 

(rule  ((:intem  (MH  ?bl  ?tl)  :test  (and  (contained-liquid?  ?bl  :base-itea) 

(contained-liquid?  ?tl  :target-itea) ) ) 

(: intern  (MH  ?b2  ?t2)  :test  (or  (and  (container-of ?  ?bl  ?b2  ;basa-itea) 

(not  (container-of?  ?tl  ?t2  :target-itea) ) ) 
(and  (not  (container-of?  ?bl  ?b2  :target-itea) ) 
(container-of?  ?tl  ?t2  :base-itea))))) 
(Conflicting  (fetch-ah  ?bl  ?tl)  (fetch-ah  ?b2  ?t2))) 


B.3  Step  4:  Compute  evaluation  scores 

Once  the  gmaps  have  been  formed  and  their  candidate  inferences  determined,  SME  concludes 
by  assigning  each  gmap  a  match  evaluation  score.  Managed  by  the  BMS,  these  rules  supply 
evidence  through  the  form  lmplias(.{anteced€nt) .{consequent)  .{weight)) . 
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Rule  16  (Minimal  AscenaionJ 
(initial-assertion  (sne: assert!  ’type-natcii)) 

(role  ((rintem  (NH  ?b  ?t)  :test  (and  (expression?  ?b)  (expression?  ?t) 

(not  (paired-item?  :base-iteai  (expression-functor  ?b))) 
(not  (paired-item?  : target-item 

(expression-functor  ?t)))))) 

(lot  ((pi  (map-path-length  (expression-functor  ?b)  (expression-functor  ?t)))) 

(uhen  (and  (numberp  pi)  (>  pi  0)) 

(sme:assertl  '(implies  type-match  (MH  ,?b  ,?t}  (,(/  0.4  pi)  .  0.0)))))) 

Rule  17  (Sanciioned  Pairing  Evidence) 

(initial-assertion  (sme:assertl  ’sanctioned-pairing) ) 

(rule  ((:intem  (NH  ?b  ?t)  :test  (and  (expression?  ?b)  (expression?  ?t) 

(sanctioned-pairing?  (expression-functor  ?b) 

(expression-functor  ?t))))) 

(sme:rassert I  (implies  sanctioned-pairing  (NH  ?b  ?t)  (0.4  .  0.0)))) 

(rule  ((:intem  (NH  ?b  ?t)  :teat  (and  (entity?  ?b)  (entity?  ?t) 

(sanctioned-pairing?  (entity-name  ?b) 

(entity-name  ?t))))) 

(sme:rassert!  (implies  sanctioned-pairing  (NH  ?b  ?t)  (0.4  .  0.0)))) 

;;;  Rule  18  (Functionally  Analogous  Evidence) 

(initial-assertion  (sme:assert!  'same-role)) 

(rule  ((:intem  (NH  ?b  ?t)  :test  (and  (expression?  ?b)  (expression?  ?t))) 

(: intern  (function-of  ?b  ?f)  rvar  ?f-of) 

(: intern  (provides-f unction  ?t  ?f)  :var  ?p-f)) 

(smerrassert I  (implies  (and  ?f-of  ?p-f)  (NH  ?b  ?t)  (0.8  .  0.0)))) 

;;;  Rules  19-20  (Sysiematictiy) 


; ;  Ion-commutative  case 

(rule  ((:intem  (NH  ?bl  ?tl)  :test  (and  (expression?  ?bl)  (expression?  ?tl) 

(not  (cosmtutative?  (expression-functor  ?bl))))) 
(.intent  (MH  ?b2  ?w2)  :test  (children-of?  ?b2  ?t2  ?bl  ?tl))) 

(sme:rassortl  (implies  (NH  ?bl  ?tl)  (NH  ?b2  ?t2)  (0.8  .  0.0)))) 


;  Commutative  case 

(rule  ((:intem  (NH  ?bl  ?tl)  :test 

(: intern  (NH  ?b2  ?t2)  :test 
(sme:rassert!  (implies  (NH  ?bl 


(and 

(and 

?tl) 


(expression?  ?bl)  (expression?  ?tl) 
(commutative?  (expression-functor  ?bl)))) 
(member  ?b2  (expression-arguments  ?bl)  :test 
(member  ?t2  (expression-arguments  ?tl)  :test 
(NH  ?b2  ?t2)  (0.8  .  0.0)))) 


#’oq) 

#’eq)))) 


Rule  21  (Behavioral) 
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(initial-assertion  (sme:assert!  ’behavioral)) 

(rule  ((tintem  (MH  ?b  ?t)  rtest  (and  (expression?  ?b)  (expression?  ?t) 

(behavioral-relation?  ?b)  (behavioral-relation?  ?t)))) 
(sffleirassert !  (implies  behavioral  (MH  ?b  ?t)  (0.4  .  0.0)))) 

Rule  22  (Provides  Relevant  Inference) 

(rule  ((:intem  (Cl  ?gmap  (B-Explains  ?theory  ?behavior)) 

:test  (Current-observation  ?behavior))) 

(set!  (getl  (gm-plist  ?gBap)  :relevant?)  T))  .-handle  evidence  in  gmap  rule 

One  final  rule  is  needed  to  sum  all  the  evidence  for  each  gmap.  For  efficiency,  the  sum 
is  computed  directly  rather  than  going  through  the  BMS  justification  mechanism. 

(rule  ((; intern  (GMAP  ?gm))) 

(setf  (node-beliel+  (gm-bms-node  ?gm))  0) 

(dolist  (mh  (gm-elements  ?gm)) 

(incf  (node-belief  +  (gm-bms-node  ?gm))  (node-belief-*-  (mh-bms-node  mh)))) 

(if  (getf  (gm-plist  ?gm)  :relevant?) 

(incf  (node-belief-*  (gm-bms-node  ?gm))  0.9))) 
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Appendix  C 

Phineas  Initial  Domain  Knowledge 

PHINEAS  begins  each  explanation  task  with  a  collection  of  qualitative  theories  about  physical 
processes,  entities,  aad  general  physical  rules.  Except  where  indicated  in  Chapter  9,  the 
initial  set  of  domain  knowledge  was  the  same  for  all  examples  described  in  this  thesis  and 
represents  the  contents  of  this  section.  A  few  special  cases  required  additions  or  deletions 
to  the  basic  set.  For  example,  «dl  knowledge  concerning  heat  phenomena  was  removed  for 
the  caloric  heat  flow  task. 

All  domain  knowledge  is  managed  by  PHINEAS’  ATMS  problem  solver.  This  consists  of  a 
pattern-directed  rule  engine  and  the  ATMS  itself.  Because  QPE  requires  access  to  the  same 
domain  knowledge  that  PHINEAS  possesses,  all  rule  and  process  declarations  are  switch- 
able,  in  that  they  may  expand  into  either  a  PHINEAS  declaration  or  a  QPE  declaration. 
This  is  indicated  by  the  asterik  in  the  form  name*  and  is  controlled  by  a  global  flag, 
*qp-toggle-switch*.  In  some  cases,  explicit  references  to  packages  mem  and  adb  are  used, 
which  refer  to  PHINEAS’  problem  solver  and  QPE’s  problem  solver,  respectively.  Package 
translations  are  sometimes  made  depending  on  the  value  of  ♦qp-toggle-switch*. 


C.l  Rules 

PHINEAS  rules  appear  in  two  forms.  The  rule*  construct  indicates  a  forward-chaining  rule 
which  always  runs  whenever  possible.  These  are  used  strictly  for  declaring  inconsistencies 
(e.g.,  (gas  ?x)  is  inconsistent  with  (liquid  ?x)).  The  (<■■*  consequent  antecedents) 
form  expands  into  two  rules.  One  is  an  exhaustive,  forward  chaining  rule  (i.e.,  rule*).  The 
other  is  stored  for  backward  chaining  purposes  by  PHINEAS’  abductive  retriever. 

;;;  Closed  World  Assumptions 

; ; ;  Assujb*  all  spatial  relationships  are  subject  to  closed  world  assumption 
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(m«a:dalClosabl«  Touching) 

(aam:d«lCloi&bl«  Physical-Path) 

(nea;doiClosabls  Inasrsad-in) 

(maa:deTClosabls  Spring) 

(Baa:dsfClosabls  Block) 

(meardalClosabla  Beaksr) 

;;;  Phase 

; ; ;  Must  ba  in  only  ona  stata  at  a  tiaa 

(rxila*  :intam  ((solid  ?obj))  (Baarat-BOst-ona  '((solid  ,?obj)  (liquid  ,?obj)  (gas  ,?obj)))) 

(rula*  :intsm  ((liquid  ?obj))  (aaa:at-Bost-ona  '((solid  ,?obj)  (liquid  ,?obj)  (gas  ,?obj)))) 

(rula*  :intam  ((gas  ?obj))  (aaa:at-Bost-ons  '((solid  ,?obj)  (liquid  ,?obj)  (gas  ,?obj)))) 

(<==*  (not  (Fluid  ?fl))  ((Solid  ?fl))) 

(<==*  (not  (Solid  ?fl))  ((Fluid  ?il))) 

(<==*  (Fluid  ?11)  ((Gas  ?fl))) 

(<==*  (Fluid  ?11)  ((Liquid  ?11))) 


;;;  A  QPE  specific  rale 

(adb:rula  :intam  ((((procass-instanca  Tnana)  ?inst)  .  :TRUE)) 

(adb:rasaart !  ((procass-instanca-ol  ?naaa  ?inst)  .  ‘.TRUE))) 

;;;  Miscellaneous  nogoods... 

(rula*  :intam  ((containar-ol  ?obj  ?obj))  ;soBathing  can't  contain  itsalf 

(Baa;rassart !  ((containar-ol  ?obj  ?obj)  .  : FALSE))) 

; ; ;  Tha  inaquality  tazonony 

(maa:rula  :intam  (((graatar-than  ?nl  ?n2)  .  ?cond)) 

(BaartazonoBy  (list  (list  'graatar-than  ?nl  ?n2) 

(list  'aqual-to  ?nl  ?n2) 

(list  'lass-than  ?nl  ?n2)))) 

(maB:rula  :intam  (((aqual-to  ?nl  ?n2)  .  ?cond)) 

(Baarralarant  '((graatar-than  ,?nl  ,?n2)  ■  ?cond))) 

(Baa:rula  :intam  (((lass-than  ?nl  ?n2)  .  ?cond)) 

(BaB:ralarant  '((graatar-than  ,?nl  ,?n2)  .  ?cond))) 

(aaB:rula  :intam  (((graatar-than  ?nl  ?n2)  .  ?cond)) 

(aaarrjustily  ((lass-than  ?n2  ?nl)  .  ?cond) 

(((graatar-than  ?nl  ?n2)  .  ?cond)))) 

(aaa:rula  :intam  (((graatar-than  ?nl  ?n2)  .  :TRUE)) 

(aaa:rjustily  ((graatar-than  ?n2  ?nl)  .  :FALSE) 

( ( (graatar-than  ?nl  ?n2)  .  :TBUE)))) 

;;;  Containment... 

(<==*  (not  (Can-absorb  ?solid  ?11)) 

((Fluid  ?fl)  (Solid  ?8olid)  (not  (Porous  ?solid)))) 

(<==*  (not  (Can-contain  Tcontainar  ?11)) 


212 


((Fluid  ?11)  (Volume-Solid  ?coatuin«r))) 


(rule*  : intern  (((can-contain  ?nl  ?nl)  .  ?cond))  ; something  can’t  contain  itself 
(men:rassert !  ((can-contain  ?nl  ?nl)  .  :Fil.SE))) 

;;;  Spatial  relationships... 

(<"♦  (Touching  ?objl  ?obj2) 

((Immersed-in  ?objl  ?obj2))) 

(<==«  (Touching  ?cl  atmosphere) 

((Contained-Liquid  ?cl) 

(Container-of  ?cl  Tcontainer) 

(Open  Tcontainer))) 

(<==*  (Greater-than  (A  (cuntact-surface  ?objl  ?obj2))  zero) 

((Touching  ?objl  ?obj2))) 

(<==*  (Quantity  (contact-surface  ?objl  ?obj2)) 

((Touching  ?objl  ?obj2))) 

; ; ;  We  need  to  do  the  next  one  twice  because  QPE  needs  to  go  through  its  macro  expander 
(mem:<==  (Qprop  (contact-surface  ?objl  ?obj2)  (amount-of  ?objl)) 

((Immersed-in  ?objl  ?obj2))) 

(adb:rule  : intern  ((immersed-in  ?objl  ?obj2)) 

(install-runtime-qprop  '(contact-surface  ,?objl  ,?obj2) 

'(qprop  (contacb-surface  ,?objl  ,?obj2)  (amount-of  ,?objl)) 
'(((immersed-in  ,?objl  ,?obj2)  .  :TRUE)))) 


;;;  Paths... 

(rule*  : intern  (((Physical-Path  ?objl  ?obj2  (Common-Face  ?objA  ?objB))  .  :TRUE)) 
(unless  (and  (or  (equal  ?objl  ?objA)  (equal  ?objl  ?objB)) 

(or  (equal  ?obj2  ?objA)  (equal  ?obj2  ?objB)) 

(not  (equal  ?objA  ?objB))) 

(mem:rassert !  ((Physical-Path  ?objl  ?obj2  (Common-Face  ?objA  ?objB))  .  :FALSE)))) 

(rule*  ; intern  (((Physical-Path  ?obj  ?obj  ?path)  .  :TRUE)) 

(memrrassert!  ((Physical-Path  ?obj  ?obj  ?path)  .  :FALSE))) 

(rule*  ; intern  (((Container-of  ?obj  ?canl}  .  :TRUE) 

((Container-of  ?obj  ?can2)  .  :TRUE)  :test  (not  (equal  ?canl  ?can2))) 
(mem : at -most-one  '((Container-of  ,?obj  ,?canl) (Container-of  ,?obj  ,?can2)))) 

(<==*  (Physical-Path  ?objl  ?obj2  (Common-Face  ?objl  ?obj2)) 

((Touching  ?objl  ?obj2))) 

(<==*  (Touching  ?obj2  ?objl)  ((Touching  ?objl  ?obj2))) 

(rule*  : intern  (((Touching  ?objl  ?path)  .  :TRUE) 

((Touching  ?path  ?obj2)  .  ;TRUE)  :teot  (not  (equal  ?objl  ?obj2))) 
(mem:rjuatify  ((Physical-Path  ?objl  ?obj2  ?path)  .  :TRUE) 
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(((Touching  ?objl  ?path)  .  -.TRUE) 

((Touching  ?p<Lth  ?obj2)  .  :TRUE)))) 

(rulo*  ;int«rn  (((Solid  ?obj)  .  -.TRUE)) 

(■«B:r&8snB«!  ( (Voluno-Solid  ?obj)  .  :TROE)  :DEFAULT-OI-SOLID) ) 

(<==•  (not  (Fluid-Path  ?obj))  ((Voluaa-Solid  ?obj))) 

(<==♦  (not  (Fluid-Path  ?obj))  ((Gas  ?obj))) 

(<==*  (not  (Fluid-Path  ?obj))  ((Liquid  ?obj))) 

(<==•  (Fluid-Path  (Comaon-Faca  ?obj2  ?objl))  ((Fluid-Path  (Coamon-Faca  ?objl  ?obj2)))) 

(<==•  (Alignad  (Coaaon-Faca  ?objl  ?obj2))  ((Touching  ?objl  ?obj2))) 

(<==♦  (Supports-FloB  (Coaaon-Faca  ?objl  ?obj2))  ((Touching  ?objl  ?obj2))) 

(<ss*  (Flowing-Fluid  ?lluid)  ((Flowing-Air  ?fluid))) 

(^-®*  (Equal-to  (A  (Aaount-of-at  ?atuff  ?part))  zero) 

((Quantity  (Aaount-ol-at  ?atull  ?part)) 

(not  (Touching  ?atuff  ?part)))) 

;;;  Miscellaneous  object  properties... 

(<==*  (heat-path  ?obj)  ((baakar  ?obj))) 

(<=*•  (can-contain  ?obj  alcohol)  ((baakar  ?obj))) 

;;;  Linear  and  angular  spatial  quantitua... 

(rule*  ; intern  ((linaar-q  ?q)) 

(aaa:at-aoat-ona  '((linaar-q  ,?q)  (angular-q  ,?q)))) 

(rule*  : intern  ((angular-q  ?q)) 

(aaa: at-aoat-ona  '((linaar-q  ,?q)  (angulao’-q  ,?q)))) 

(<==♦  (Linaar-q  "'dq)  ((Darivativa-of  (?q  ?obj)  (?dq  ?obj)) 

(Linaar-q  ?q))) 

(<==♦  (Linaar-q  ?q)  ((Dariwatiwa-oT  (?q  ?obj)  (?dq  ?obj)) 

(Linaar-q  ?dq))) 

(<==*  (Angular-q  ?dq)  ((Dariwatiwa-ot  (?q  ?obj)  (?dq  ?obj)) 

(Angular-q  ?q))) 

(<==*  (Angular-q  ?q)  ((Dariwatiwa-ol  (?q  ?obj)  (?dq  ?obj)) 

(Angular-q  ?dq))) 

(<==*  (Linaar-q  ?acc)  ((Force-Application  (TTorca  ?arc)  (?acc  Tdat)) 

(Linaar-q  ?forca))) 

(<«•  (Angular-q  ?acc)  ((Force-Application  (Tforca  ?arc)  (?acc  ?dat)) 

(Angular-q  ?lorca))) 

;;;  The  styrofoam  cup  example 

(<=S*  (Opan-Concavity  ?obj)  ((Opan-Conical  ?obj))) 

(<"•  (Opan-Concavity  ?obj)  ((Opan-Cylindar  ?obj))) 
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(<==•  (St&bl*  ?obj)  ((Flat-Bottom  ?obj))) 

(<==*  (Insulataa-Haat  ?obj)  ( (Has-bandl*  ?obj))) 

(<==*  (Inaalataa-Haat  ?obj)  ((Styrofoam  ?obj))) 

(rule*  : intern  (((Substance  Tsubl)  .  :TRUE) 

((?8ubl  ?obj)  .  :TRUE) 

((Substance  ?8Ub2)  .  :TRUE)  rtest  (not  (eq  ?8ubl  ?sub2))) 
(mem:rjufltify  ((?sub2  ?obj)  .  :FALSE) 

(((?subl  ?obj)  .  :TRUE)))) 

(assert*  ’(Substance  metal)) 

(assert*  ’(Substance  styrofoam)) 

(rule*  : intern  ((open-conical  ?obj)) 

(mem: at -most-one  ‘((open-conical  ,?obj)  (open-cylinder  ,?obj)))) 

(rule*  : intern  ((open-cylinder  ?obj)) 

(mem: at -most-one  '((open-conical  .?obj)  (open-cylinder  ,?obj)))) 

(defView*  (Styrofoam-cup-plan  ?cup) 

Individuals  ((?cup  ‘.conditions 

(Open-conical  ?cup) 

(Flat-bottom  ?cup) 

(Styrofoam  ?cup) 

(Weight  ?cup  six) 

(Ion-porous  ?cttp))) 

Relations  ((Hot-Cup  ?cup)) 

Cache  ((Supports  (Open-Conical  ?cup) 

(prereq  (Can-Pour  ?cup)  (Open-Concavity  ?cup))) 

(Supports  (Flat-Bottom  ?cup) 

(prereq  (Can-contain  ?cup  ?liquid)  (Stable  ?cup))) 

(Supports  (Styrofoam  ?cup) 

(prereq  (Can-contain  ?cup  ?liquid)  (Insulates-Heat  ?cup))))) 
;;;  Defining  quantity  types  for  QPE... 

(defQuantity-Type  Amount-of  Individual) 

(dafQuantity-Type  Pressure  Individual) 

(defQuantity-Type  Pressure-in  Individual) 

(defQuantity-Type  Flov-Rate  Individual) 

(defQuantity-Type  Heat-Flov-Rate  Individual) 

(defQuantity-Type  Heat  Individual) 

(defQuantity-Type  Temperature  Individual) 

(defQuantity-Type  Change-Rate  Individual) 

(defQuantity-Type  Vaporization-Rate  Individual) 

(defQuantity-Type  Dissolve-Rate  Individual) 

(defQuantity-Type  Surfa'r--Ar8a  Individual) 

(defQuantity-Type  Contact-Surface  Individual  Individual) 

(defQuantity-Type  Concentration  Individual) 

(defQuantity-Type  Saturation-Point  Individual) 
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(dalQuantity-Typ*  Temper atura- in  Individual) 
(delQuantity-Type  Tboil  Individual) 

(delQuantity-Type  Tlreeze  Individual) 

(dalQuantity-Type  Force  Individual  Individual) 
(delQuantity-Type  Internal-Force  Individual) 
(defQuantity-Type  Torque  Individual) 

(deTQuantity-Type  Restorative-Force  Individual) 
(delQuantity-Type  Length  Individual) 

(def Quantity-Type  Rest-Length  Individual) 

(defQuantity-Type  Displacement  Individual) 
(delQuantity-Type  Angular-Displacement  Individual) 

(deTQuantity-Type  Position  Individual) 

(delQuantity-Type  Angle  Individual) 

(delQuantity-Type  Velocity  Individual) 

(delQuantity-Type  Angular-Velocity  Individual) 
(delQuantity-Type  Acceleration  Individual) 
(delQuantity-Type  Angular-Acceleration  Individual) 

(delQuantity-Type  Total-Energy  Individual) 
(delQuantity-Type  Potential-Energy  Individual) 
(delQuantity-Type  Kinetic-Energy  Individual) 

(delQuantity-Type  Charge  Individual) 

(delQuantity-Type  Current  Individual) 

(delQuantity-Type  Voltage  Individual) 

(delQuantity-Type  Pull-restore  Individual) 
(delQuantity-Type  Curvature  Individual) 

(delQuantity-Type  directional-Force  Individual  Individual) 
(delQuantity-Type  Amount-ol-at  Individuzd  Individual) 
(delQuantity-Type  dir-to-center  Individual) 

(delQuantity-Type  Gravity  Individual) 

(delQuantity-Type  Mass  Individual) 

(delQuantity-Type  Volume  Individual) 

(delQuantity-Type  Density  Individual) 

(delQuantity-Type  Buoyancy  Individual) 

(dellnlluence  I'f) 

(dellnlluenca  I-) 

(dellnlluence  Ctrans) 
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C.2  Entities 


In  QP  theory,  entities  axe  defined  using  the  form  (def Entity  header  body).  This  defines  a 
predicate  schema  in  which  belief  in  the  header  form  implies  belief  in  the  facts  contained  in 
the  body. 

(assert*  ’ ((containad-gas  atmosphere)  .  :TRUE)) 

(assert*  '((liquid  alcohol)  .  :TRUE)) 

(assert*  ’((substance  eater)  .  :TRUE)) 

(assert*  ’((substance  alcohol)  .  :TRUE)) 

(assert*  ’((substance  milk)  .  :TRUE)) 

(assert*  ’((substance  fuel)  .  :TRUE)) 

(assert*  ’((substance  air)  .  ;TRUE)) 

(assert*  ’((Quantity  (Gravity  earth))  .  :TRUE)) 

(defEntity*  (Rotating-Object  ?obj) 

(Quantity  (Angle  ?obj)) 

(Quantity  (Angular-velocity  ?obj)) 

(Derivative-ol  (Angle  ?obj)  (Angular-Velocity  ?obj)) 

(Quantity  (Kinetic-Energy  ?obj)) 

(not  (less-than  (A  (Kinetic-Energy  ?obj))  zero)) 

(Q=  (Kinetic-Energy  ?obj)  (*  (Angular-Velocity  ?obj)  (Angular-Velocity  ?obj)))) 

(delEntity*  (Translating-Object  ?obj) 

(Physob  ?obj) 

(Quantity  (Position  ?obj)) 

(Quantity  (Velocity  ?obj)) 

(Derivative-of  (Position  ?obj)  (Velocity  ?obj)) 

(Quantity  (Kinetic-Energy  Tobj)) 

(not  (less-than  (A  (Kinetic-Energy  ?obj))  zero)) 

(Q=  (Kinetic-Energy  ?obj)  (*  (Velocity  ?obj)  (Velocity  ?obj)))) 

(delEntity*  (Parted-Object  ?obj  ?po8-part  ?neg-part) 

(Object-Peurt-oi  ?po8-part  ?obj) 

(Object-Part -of  ?neg-part  ?obj) 

(Opposite-sides  ?pos-part  ?neg-part) 

(Quantity  (Dir-to-center  ?poa-part)) 

(Quantity  (Dir-to-center  ?neg-part)) 

(Greater-than  (A  (Dir-to-center  ?neg-part))  zero) 

(Less-than  (A  (Dir-to-center  ?po8-part))  zero)) 

(defEntity*  Thermal-Object 
(Physob  ?8elf) 

(Quantity  (Temperature  ?self)) 

(Qu2mtity  (Heat  Tself)) 

(Quantity  (Tboil  ’self)) 

(Quantity  (Tfreeze  ’self)) 

(Greater-Than  (A  (Tboil  ?8olf))  (A  (Tfreeze  ?8elf))) 
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;  Kelvin 


(Greater-Than  (A  (Tlreeze  ?8elf))  zero) 

(not  (loss-Than  (A  (Heat  ?sell})  zero)) 

(not  (lees-Than  (A  (Teaperature  ?self))  zero)) 

(Qprop  (Teaperature  Tself)  (Heat  ?8elf))) 

(<s=*  (Greater-than  (A  (Aaonnt-of  ?obj))  zero) 

((Quantity  (Heat  ?obj)) 

(Quantity  (Aaount-of  ?obj)) 

(Greater-than  (A  (Heat  ?obj))  zero))) 

(<==♦  (Greater-than  (A  (Heat  ?obj))  zero)  ((Stove  ?obj))) 

(<==♦  (Theraal-object  ?obj)  ((Stove  ?obj))) 

(delEntitye  Physob 

(Quantity  (Aaount-ol  ?sall)) 

(Quantity  (Change-rate  (Aaount-ol  ?self))) 

(Q=  (Change-Rate  (Aaount-of  Taelf))  (let -Influence  (Amount-of  ?self))) 
(Quantity  (Surface-area  ?aelf)) 

(not  (leaa-than  (A  (Aaount-of  ?aelf))  zero)) 

(not  (leaa-than  (A  (Surface-area  ?aelf))  zero)) 

(Qprop  (aurface-area  ?aelf)  (aaount-of  ?aelf)) 

(Theraal-Object  ?3elf)) 

(defEntity*  Contained-Liquid 
(Phyaob  ?aelf) 

(Liquid  ?3elf) 

(State-of  ?8elf  liquid)) 

(<*=•  (Contained-Fluid  ?cl  ?8ub  ’container) 

((Contained-Liquid  ?cl) 

(Container-of  ?cl  ’container) 

(Subatance-of  ?cl  ’aub))) 

(defEntity*  Contained-Gaa 
(Phyaob  ’aelf) 

(Gaa  ’aelf) 

(State-of  ’aelf  gaa)) 

(<==♦  (Contained-Fluid  ’eg  ’aub  ’container) 

((Contained-Gaa  ?cg) 

(Container-of  ?cg  ’container) 

(Subatanee-of  ?cg  ’aub))) 

(defEntity*  (Contained-Fluid  ’ca  ’aub  ’container) 

(Phyaob  ’ca) 

(Container-of  ’ca  ?container) 

(Subatance-of  ’ca  ’aub) 

(Quantity  (Anount-of  ’ca)) 

(Quantity  (Preaaure-in  ?container)) 

(Qprop  (Preaaure-in  ’container)  (Anount-of  ’ca))) 

(adb:rule  : intern  ((contained-fluid  ’ca  ’aub  ?container) 
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(liquid  ?cs)) 

(inst all-runt iM6-qpr op  ‘ (Pr«88ur«-in  .Tcontainer) 

' (tjprop  (Pra88ur8-in  ,?contain6r)  (aaount-of  ,?C8)) 

' (((contained-fluid  ,?C8  ,?8ub  ,?contain«r)  .  :TRUE) 
((liquid  .?C8)  .  :TRUE)))) 

(defEntity*  (Solution  ?solution) 

(Quantity  (Concentration  ?8olution)) 

(Quantity  (Saturation-Point  ?8olution)) 

(not  (le88-than  (A  (Concentration  ?8olution))  zero)) 

(not  (le88-tlian  (A  (Saturation-Point  ?80lution))  zero))) 

(delEntity*  (Gaa-Nixture  ?solution) 

(Quantity  (Concentration  ?801ution)) 

(Quantity  (Saturation-Point  ?8olution)) 

(not  (le88-than  (A  (Concentration  taolution))  zero)) 

(not  (leas-than  (A  (Saturation-Point  Tsolution))  zero))) 

(<==♦  (Mixture  ?sol)  ((Solution  ?sol))) 

(<==*  (Mixture  ?ga8)  ((Gas-Mixture  ?gaa))) 

(<==*  (container-of  ?component  ?container)  ((mixture  ?mixture) 

(primary-component-of  ’mixture  ?component) 

(container-of  ’mixture  Tcontainer))) 

(<ss*  (container-of  ?component  ?container)  ((mixture  ?mixture) 
(aecondary-component-of  ’mixture  ’component) 

(container-of  ?mixture  ’container))) 

(defentity*  (Spring  ?8pring) 

(Quantity  (Diaplacement  ’spring)) 

(Quantity  (Restorative-Force  ’spring)) 

(Qprop-  (Restorative-Force  ’spring)  (Displacement  ’spring)) 

(Correspondence  ((A  (Restorative-force  ?spring))  ZERO) 

((A  (Displacement  ’spring))  zero)) 

(Quantity  (Potential-energy  ?spring)) 

(not  (Less-than  (A  (Potential-Energy  ’spring))  zero)) 

(Q=  (Potential-Energy  ?spring)  (*  (Displacement  ’spring)  (Displacement  Tspring)))) 

(def Entity*  (Spring-Nass-System  ’system  ’spring  ’mass) 

(Connected  ?maas  ?spring) 

(Quantity  (Total-Energy  ’system)) 

(not  (less-tlian  (A  (Total-Energy  ’svstem))  zero)) 

(Equal-to  (D  (Total-Energy  ’system))  zero) 

(Q®  (Total-Energy  ?system)  (+  (Kinetic-Energy  ’mass)  (Potential-Energy  ’spring))) 
(Q=  (Displacement  ’spring)  (Position  ’mass)) 

(Force-Application  (Restorative-Force  ’spring)  (Velocity  ’mass))) 

(defEntity*  (air-plane-ving  ’sing) 

(Physob  ?Hing) 

(Translating-Object  ’wing) 

(Quantity  (Curvature  (Bside  ’sing))) 

(Quantity  (Curvature  (Tside  ’wing))) 
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(Great«r-than  (1  (Curvature  (Baida  ?ving)))  zero) 

(Part ad -Object  ?»iag  (Tsida  ?wing)  (Baida  ?wing)) 

(Graatar-thaa  (A  (Curvature  (Taida  ?Hing)))  (A  (Curvature  (Baida  ?wing))))) 

(dalEntity*  (ball  ?bed.l) 

(Phyaob  Tball) 

(Quantity  (Curvature  (Baida  ?ball))) 

(Quantity  (Curvature  (Taida  ?ball))) 

(Graatar-thaa  (A  (Curvature  (Baida  ’ball)))  zero) 

(Parted-Object  ?ball  (Taida  ’ball)  (Baida  ’ball)) 

(Equ2J.-to  (A  (Curvature  (Baida  ?ball)))  (A  (Curvature  (Taida  ?ball))))) 

(daf Entity*  (Danaa-Objact  ?obj) 

(Quantity  (Danaity  ’obj)) 

(Quantity  (Maaa  ’obj)) 

(Quantity  (Volume  ?obj)) 

(graatar-than  (A  (Danaity  ’obj))  zero) 

(graatar-than  (A  (Volume  ?obj))  zero) 

(graatar-than  (A  (Maaa  ’obj))  zero) 

(Q=  (Maaa  ’obj)  (•  (Volume  ?obj)  (Danaity  ’obj)))) 


C.3  Processes 

Processes  are  defined  using  the  form 

(def Process  ((iVame)  {Individuals)) 

Individuals  (({Individual)  rconditions  (Conditions)) 

...) 

Preconditions  {Facts) 

Quant ityCondit  ions  ( Inequalities) 

Relations  (Facts) 

Influences  (Influences)) 

The  individuals  specify  what  objects  would  be  involved  in  the  process  if  it  were  active, 
the  preconditions  and  quantity  conditions  indicate  when  the  process  w,l;  be  active,  and 
the  relations  and  influences  specify  what  relations  will  hold  while  the  process  is  active.  A 
similar  construct,  def  View,  is  used  to  express  conditioned  relations  that  do  not  include 
influences. 

(dafProcaaa*  (Liquid-Flow  ’aubat  Taourca  ?arc-cs  ’daatination  ?dat-ca  ?path) 

Individueda  ((?aubat  rconditiona  (aubatanca  ?aubat)  ;aoma  atuif 

(Liquid  ’aubat))  ;atata 

(’aourca  :conditiona  (Can-Contain  ’aourca  ?aubat)) 

(’arc-ca  rconditiona  (Containad-Fluid  ?arc-ca  ?subst  Tsourca)) 
(?daatination  iconditiona  (Can-Contain  ’daatination  ’aubat)) 

(?dat-ca  :conditiona  (Containad-Fluid  ’dat-ca  ’aubat  ’daatination)) 
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(?path  : conditions  (Fluid-Path  ?path) 

(PhysicZLl-Path  ?source  ?deatination  ?path))) 
Preconditions  ((fluid-aligned  ?path)) 

Quant ityCondit ions  ( (greater-than  (A  (Pressure-in  ?source)) 

(A  (Pressure-in  ?destination)) ) 

(greater-than  (A  (A»ount-of  ?src-cs))  zero)) 

Relations  ((Quantity  (flow-rate  ?self)) 

(Q=  (flow-rate  ?aelf)  (-  (pressure-in  ’source)  (pressure-in  ’destination))) 
(Greater-than  (A  (flow-rate  ’self))  zero)) 

Influences  ((Ctrans  (aaount-of  ?src-ca)  (aaount-of  ?dst-cs)  (A  (flow-rate  ’self))))) 


(def Process*  (Liquid-Drain  ?sink  ?sink-cs  ’If)  ;an  ideal  sink 

Individuals  ((’sink  ; conditions  (Liquid-Sink  ’sink)) 

(?sink-cs  ; conditions  (contained-liquid  ’sink-cs) 

(container-of  ?sink-c8  Tsink)) 

(?lf  -.conditions  (Process-Instance-of  Liquid-Flow  ?lf) 

(?lf  destination  ’sink))) 

QuantityConditions  ((Active  ’If)) 

Influences  ((I-  (aaount-of  ?sink-cs)  (A  (flow-rate  ?lf))))) 

(defProcess*  (Heat-Flow  ?sourc*  ?destination  ?path) 

Individuals  ((’source  ; conditions  (Thermal-Object  ’source)) 

(?destination  :conditions  (Thermal-Object  ?destination) ) 

(?path  : conditions  (Heat-Path  ’path) 

(Heat-Connection  ’path  ?source  ’destination))) 
Preconditions  ((heat-aligned  ’path)) 

QuantityConditions  ((greater-than  (A  (temperature  ’source))  (A  (temperature  ’destination) 
(greater-than  (A  (aaount-of  ’source))  zero) 

(greater-than  (A  (aaount-of  ’destination))  zero)) 

Relations  ((Quantity  (heat-flow-rate  ’self)) 

(Q=  (heat-flow-rate  ?self)  (-  (temperature  ’source) 

(temperature  ’destination)))) 

Influences  ((CTrans  (heat  ?source)  (heat  ’destination)  (A  (heat-flow-rate  ’self))))) 

(defProcess*  (Boiling  ?subst  ?container  ?cl  ?cg  ’hf) 

Individuals  ((7subst  ; conditions  (substance  ’subst)) 

(?container  : conditions  (can-contain  ’container  ’subst)) 

(’cl  : conditions  (contained-liquid  ’cl) 

(container-of  ?cl  ’container) 

(substance-of  ?cl  ’subst)) 

(?cg  : conditions  (contained-gas  ’eg) 

(container-of  ’eg  ’container) 

(substance-of  ’eg  Tsubst)) 

(?hf  : conditions  (Process-Instance-of  Heat-Flow  ?hf) 

(?hf  destination  ’cl))) 

QuantityConditions  ((Active  ’hf) 

(not  (greater-than  (A  (tboil  ?cl))  (A  (temperature  ’cl)))) 
(greater-than  (A  (Amount-of  ?cl))  zero)) 

Relations  ((Quantity  (Vaporization-Rate  7self)) 

(q=  (Vaporization-Rate  7self)  (heat-flow-rate  7hf)) 

( great er-th2m  (A  (vaporization-rate  7self))  zero)) 
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Inllucncas  ((I-  (heat  ?cl)  (A  (vaporization-rate  ?self))) 

(CTrana  (aaoont-of  ?cl)  (aaount-of  ?cg)  (A  (vaporization-rate  ?self)))) 
Duration  (1800  14400)) 

(def Process*  (Heat-Replenish  ?source  ?hl)  ;an  ideal  source 

Individuals  ((?source  '.conditions  (Heat-Source  ?source)) 

(?h±  : conditions  (Process-Instance-of  Heat-Flov  ?hf) 

(?hl  source  ?source))) 

Quant ityCondit ions  ((Active  ?hf)) 

Relations  ((Equed-to  (D  (Heat  ?source))  ZERO)) 

Influences  ((I>  (heat  ?source)  (A  (heat-llos-rate  ?hf))))) 

(defProcess*  (Dissolve  ?solute  ?solution) 

Individuals  ((?solute  : conditions  (Solid  ?solnte) 

(Soluble  ?solute)) 

(?solution  : conditions  (Solution  ?solution) 

(ismersed-in  ?solute  ?solution))) 

Preconditions  ((Soluble- in  ?solute  ?solution)) 

Quant ityCondit ions  ((Greater-than  (A  (Anount-ol  ?solute))  zero)) 

Relations  ((Quantity  (Dissolve-rate  ?self)) 

(qprop  (dissolve-rate  ?8elf)  (contact-surface  ?solute  ?solution)) 
(greater-than  (A  (dissolve-rate  ?self))  zero)) 

Influences  ((Ctrans  (anount-of  ?solute)  (concentration  ?solution) 

(A  (dissolve-rate  Tself)))) 

Cache  ((Supports  (imnersed-in  ?solute  Tsolution) 

(prereq  (Ctrans  (anount-of  ?solute)  (concentration  ?solution) 

(A  (dissolve-rate  ?self))) 

(Physical-Path  Taolute  ?8olution  ?path) 

(Continuity-Las) ) ) ) ) 

(defVies*  (Buoyancy  ?obj  ?liquid) 

Individueds  ((?obj  : conditions  (Translating-Object  ?obj) 

(Dense-Object  ?obj)) 

(?liqnid  : conditions  (Liquid  ?liquid) 

(Dense-Object  Tliquid) 

(Ismersed-in  ?obj  ?liquid))) 

Relations  ((Less-than  (A  (Gravity  earth))  zero) 

(Q=  (Gravity  earth)  (-  (Mass  ?obj))) 

(Force-application  (Gravity  earth)  (Velocity  ?obj)) 

(Dense-Object  (Portion-of  ?liquid)) 

(Quantity  (Buoyancy  ?liqnid)) 

(q«  (Buoyancy  Tliquid)  (Mass  (Portion-of  ?liquid))) 

(Force-application  (Buoyancy  ?liquid)  (Velocity  ?obj)) 

(Correspondence  ((A  (Gravity  earth))  (A  (Buoyancy  ?liquid))) 

((A  (Mass  ?obj))  (A  (Mass  (Portion-of  ?liquid) )))))) 

(defVies*  (Fully-Subnerged-Object  ?obj  Tliquid) 

Individusds  ((?obj  : conditions  (Translating-Object  ?obj) 

(Dense-Object  ?obj)) 

(?liquid  '.conditions  (Liquid  Tliquid) 


222 


(D«nse-Objact  ?liqaid) 

(Iimarsad-in  ?obj  ?liquid))) 

Ralations  ((g=  (Voluma  (Portion-ol  ?liqttid))  (Volume  ?obj)) 

(Lass-than  (A  (Position  ?obj))  zero) 

(Greatar-than  (A  (Density  ?obj))  (A  (Density  Tliquid))) 

(Qprop  (Density  (Portion-of  ’liquid))  (Density  ?liquid)) 

(Qprop-  (Density  (Portion-ol  ?liquid))  (Position  ?obj)) 

;;  Here,  ve'll  take  the  “density”  of  the  liquid  to  be  at  S.T.P. 
(Correspondence  ((A  (Density  (Portion-of  ?liquid)))  (A  (Density  ?liquid))) 
((A  (Position  ?obj))  zero)))) 

(defViau*  (Floating-Object  ?obj  ’liquid) 

Individuals  ((’obj  : conditions  (Translating-Object  ?obj) 

(Dense-Object  ’obj)) 

(?liquid  : conditions  (Liquid  ’liquid) 

(Dense-Object  ?liquid) 

(Floating-on  ’obj  ?liquid))) 

Relations  ((Qprop-  (Volume  (Portion-of  ’liquid))  (Position  ?obj)) 

(Correspondence  ((A  (Volume  (Portion-of  ?liquid)))  zero) 

((A  (Position  ?obj))  zero)) 

(not  (Greater-than  (A  (Position  ?obj))  zero)) 

(not  (Greater-than  (A  (Density  ?obj))  (A  (Density  ?liquid)))) 

(q=  (Density  (Portion-of  ’liquid))  (Density  ’liquid)))) 

(defVieu*  (Air-Envelope  ’air  ’obj  ?poa-part  ’neg-part) 

Individuals  ((?air  : conditions  (Flosing-Air  ?air)) 

(?obj  : conditions  (Physob  ?obj) 

(Enveloped  ?obj  ?air)) 

(’pos-part  : conditions  (object-part-of  ’pos-part  ’obj)) 

(?neg-part  : conditions  (object-part-of  ?neg-part  ?obj) 

(Opposite-sides  ’pos-part  ’neg-part))) 

Relations  ((Touching  ?pos-part  ’air) 

(Touching  ?neg-part  ?air) 

(Quantity  (Amount-of-at  ’air  ?pos-part)) 

(Quantity  (Amount-of-at  ’air  ’neg-part)) 

; ••♦♦cheat. . . 

(Qprop-  (Amount-of-at  ’air  ’pos-part)  (Position  ’obj)) 

(Qprop  (Amount-of-at  ?air  ?neg-part)  (Position  ?obj)) 

(Greatar-than  (A  (Amount-of-at  ’air  ’pos-part))  zero) 

(Greater-than  (A  (Amount-of-at  ?air  ?neg-part))  zero) 

(Correspondence  ((A  (Amount-of-at  ?air  ’pos-part)) 

(A  (Amount-of-at  ’air  ’neg-part))) 

((A  (Position  ?obj))  zero)))) 

(defVieue  (Fluid-Contact  ’fluid  ?obj  ?part) 

Individuals  ((’fluid  : conditions  (Flowing-Fluid  ’fluid)) 

(’obj  .'Conditions  (Physob  ’obj)) 

(?part  : conditions  (object-part-of  ’part  ?obj) 

(touching  ’part  ?fluid))) 

Relations  ((Quantity  (Amount-of-at  ’fluid  ?part)) 

(Greater-than  (A  (Amount-of-at  ’fluid  ?part))  zero))) 
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(defVieB*  (Air-Plane-Lift  ?air  ?obj  ?part) 

ladividuale  ((?air  : conditions  (Flowing-Air  ?air)) 

(?obj  ; conditions  (Air-Plane-Wing  ?obj)) 

(?part  : conditions  (object-part-of  ?peu:t  ?obj) 

(touching  ?part  ?air))) 

Relations  ((Quantity  (directional -Force  ?air  ?paa^)) 

(Less-than  (A  (direct ional-Force  ?air  ?part))  zero) 

(Qprop-  (direct ional-Force  ?air  ?part)  (Curvature  ?part)) 

(Qprop-  (directional-Force  ?air  ?part)  (Anount-of-at  ?air  ?part)) 
(Correspondence  ((A  (directional-Force  ?air  ?part))  zero) 

((A  (Curvature  ?part))  zero)) 

(Correspondence  ((A  (directional-Force  ?air  ?part))  zero) 

((A  (Aaount-of-at  ?air  ?part))  zero)))) 

(defView*  (Positive-Space  ?obj) 

Individuals  ((?obj  : conditions  (Quantity  (Position  ?obj)))) 

QuantityConditiona  (( Great er-than  (a  (position  ?obj))  zero))) 

(defView*  (Begative-Space  ?obj) 

Individuals  ((?obj  : conditions  (Quantity  (Position  ?obj)))) 

QuantityConditiona  ((less-than  (a  (position  ?obj))  zero))) 

(defViewe  (Fluid-push  ?fluid  ?obj  ?part) 

Individuals  ((?fluid  : conditions  (Flowing-Fluid  ?fluid)) 

(’obj  : conditions  (Physob  ?obj)) 

(?part  : conditions  (Object-part-ol  ?part  ?obj) 

(Touching  ?part  ?fluid) 

(Pushed  ?part  ’fluid))) 

Relations  ((Quantity  (directional-Force  ’fluid  ’part)) 

(Greater-than  (A  (direction*a-Force  ?fluid  ’part))  zero) 

(Qprop  (directional-Force  ’fluid  ’part)  (A«ount-of-at  ’fluid  ?part)) 
(Correspondence  ((A  (directional-Force  ’fluid  ’part))  zero) 

((A  (Amount-of-at  ’fluid  ’part))  zero)))) 

; ; ;  Csmosis  -  diffusion  ezaaple 

(defView*  (Mixture-Combination  ’mixture  Tprimary-component  ?secondary-component) 
Individuals  ((’mixture  :conditiona  (Mixture  ’mixture)) 

(?primary-component  : conditions 

(Primary-component-of  ’mixture  ?primary-component ) ) 

(’secondary-component  : conditions 

(Secondary-component-of  ’mixture  ’secondary-component))) 

Relations  ((Quantity  (Concentration  ’mixture)) 

(Quantity  (Saturation-Point  ?mixture)) 

(Quantity  (Amount-of  ?mixture)) 

(Quantity  (Amount-of-in  Tmixture  ?primary-component) ) 

(Quantity  (Amount-of-in  ’mixture  ’secondary-component)) 

(not  (less-than  (A  (Amount-of-in  ’mixture  ’primary-component))  zero)) 

(not  (less-than  (A  (Amount-of-in  ’mixture  ’secondary-component))  zero)) 

(q=  (Amount-of  ?mixture) 

(♦  (Amount-of-in  ’mixture  ’primary-component) 

(Amount-of-in  ’mixture  ’secondary-component))) 
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(Qprop  (Concantration  ?aiztara)  (Aaount-of-in  Tairtur*  Tpriaary-coaponant ) ) 
(Qprop-  (Concantration  Taixtura)  (Aaount-of-in  Tmiztura  Tsacondary-componant) ) 
(Corraapondanca  ((A  (Concantration  ?aiztura))  ZERO) 

((A  (Aaount-of-in  Taiztura  Tsacondary-coaponant))  ZERO)))) 

(dafProcaas*  (Oaaoaia  ?attbat  ?aourca  ?arc-aiztura  ?arc-ca 
?daatination  ?dat-aiztura  ?dat-ca  ?path) 

Individuala  ((?aubat  :conditiona  (aubatanca  ?aubat)  ;aoaa  atuff 
(Liquid  ?aubat))  ;atata 

(?aourca  :conditiona  (Can-Contain  ?aourca  ?aubat)) 

(?arc-aixtura  rconditiona  (Miztura  ?arc-aiztura) 

(containar-of  ?arc-aiztura  Taourca)) 

(?3rc-ca  rconditiona  (Containad-Fluid  ?arc-c8  ?aubat  ?aourca) 

(Priaary-coaponant-of  ?8rc-aiztura  ?8rc-ca)) 

(Tdaatination  rconditiona  (Can-Contain  ?daatination  ?8ubat)) 

(?d8t-aiztura  rconditiona  (Miztura  ?d8t-aiztura} 

(containar-of  ?dst-aixtura  ?dastination) ) 

(?d8t-ca  rconditiona  (Containad-Fluid  ?dat-c8  ’subat  ’daatination) 

(Primary-coaponant-of  ?dst-Bixtura  ?d8t-ca)) 

(?patb  rconditiona  (Solution-Path  ?path) 

(Phyaical-Path  ?8ourca  ?daatination  ?path))) 

Praconditiona  ((aaai-paraaabla  ?path)) 

QuantityConditiona  ((graatar-than  (A  (Concantration  ?8rc-aiztura)) 

(A  (Concantration  ?dat-Biztura))) 

(graatar-than  (A  (Aaount-of  Tarc-ca))  zaro)) 

Ralationa  ((Quantity  (flou-rata  ?8alf)) 

(Qs  (flov-rata  ?8alf)  (-  (concantration  Tarc-aiztnra) 

(concantration  ?d8t-aiztura))) 

(Graatar-than  (A  (flov-rata  ?8alf))  zaro)) 

Influancaa  ((Ctrana  (aaount-of  Tarc-ca)  (aaount-of  Tdat-ca)  (A  (flov-rata  ?self))))) 

(dafProcaaa*  (Appliad-Forca  ?obj  ?part  Tare) 

Individuala  ((?obj  rconditiona  (Phyaob  ?obj)) 

(?part  rconditiona  (objact-part-of  ?part  ?obj)) 

(?8rc  rconditiona  (Quantity  (diractional-Forca  Tare  ?part)))) 
QuantityConditiona  ((not  (Equal-to  (A  (Dir-to-cantar  ?part))  ZERO))) 

Ralationa  ((Quantity  (forca  Tare  ?part)) 

(vhan  (Graatar-than  (A  (dir-to-cantar  ?part))  zaro) 

(Qa  (forca  ?8rc  ?part)  (diractioned-Forca  Tare  ?part))) 

(vhan  (laaa-than  (A  (dir-to-cantar  ?part))  zaro) 

(Q=  (forca  ?arc  ?part)  (-  (diractional-Forca  Tare  ?part))))) 

Influancaa  ((1+  (Valocity  ?obj)  (A  (forca  Tare  ?part))))) 

(dafProcaaaa  (Forca-Procaaa  Tare  ?d8t) 

Individuala  ((Tare  rconditiona  (Quantity  (?forco  ?src))) 

(?d8t  rconditiona  (Quantity  (?val  Tdat)) 

(Forca-Application  (?forca  ?8i.c)  (?val  ?d8t)))) 
Influancaa  ((1+  (?val  ?d8t)  (A  (?forca  ?arc))))) 

; ; ;  Ganaric  procaaa  for  handling  tha  atataaant  (darivativa-of  ?q  ?qd) 

(dafProcaaa*  (Darivativa-Procaaa  ?aBount  ?darivativa) 

Individuala  ((?aBount  rconditiona  (Quantity  Taaount)) 
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(Tdarivativa  : conditions  (Quantity  ?darivativa) 

(Darivativa-of  Tanoont  Tdarivativa) ) ) 
Influancas  ((1+  ?aBoant  (A  ?darivativa)))) 
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Appendix  D 

Phineas  Experiences 


PHINEAS  begins  each  explanation  task  with  a  set  of  previously  explained  experiences  which 
are  indexed  according  to  their  behavioral  abstractions.  It’s  initial  task  is  to  retrieve  poten¬ 
tially  relevant  analogues  from  this  set  of  stored  experiences.  This  section  lists  the  complete 
set  of  experiences  with  which  PHINEAS  begins. 


D.l  Behavioral  Abstractions 

(delBehavioral- Abstract ioa  PHYSICAL-HQVEHEIT 

SubTypss  (aattsr-BovsBflnt  vavs-Bovsasnt  phasa-cbaags-novaasat)) 

(d«f Bshavioral-Abstract ion  matt  or-Bo vsmsnt ) 

(delBshav ioral- Abstract ion  Have-mo vsmsnt ) 

(dslBshavioral-Abstraction  phass-change-mo vsmsnt 

SubTypss  (solid-pbass-changs-Bovs  lluidic-phass-changs-movs  gas-phase-chzmge-move) ) 
(dslBshavioral-Abstraction  solid-phass-changs-movs) 

(dafBshavioral-Abstraction  Ylnidic-phass-changs-movs) 

(dsfBabavioral-Abstraction  gas-phass-changs-movs) 

;;;  Observable,  characterizing  type  physical  movement 

(dsfBshavioral-Abstraction  PHYSICAL-KOVEMEir-CHARACTERISTICS 

SubTjpss  (corpnscular-BovsBsnt  continuous-movsmsnt  wavslike)} 

( dsf Behavioral-Abstract ion  corpuscular-mo vsmsnt ) 

(dsYBshavioral-Abstraction  navslika) 

(dsYBahavioral-Abstraction  continuous-movement) 

;;;  Interaction  types 


(dsfBshavioral-Abstraction  Contact-scones 
SubTypss  (fluid-floH  solid-contact)) 
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(def Behavioral-Abstraction  lluid-flos) 
(delBehavioral-Abstraction  solid-contact) 

;;;  Force-Action  types 

(defBehavioral-Abstraction  NODE-OF-FORCE 

SubTypes  (action-at-a-distance  direct-force)) 

(defBehavioral-Abstraction  action-at-a-distance) 

(defBehavioral-Abstraction  direct-force 

SubTypes  (push-force  pull-force  tvisting-force)) 

(defBehavioral-Abstraction  pull-force) 

(def Behavioral-Abstract  ion  t«isting-f orce) 

(def Behavioral- Abstract ion  push-force ) 

;;;  Behavior  types  -  graphical 

(defBehavioral-Abstraction  GRAPHICAL-CHARACTERIZERS 
SubTypes  (nonotonic  cyclic))  ;non-descript) 

(defBehavioral-Abstraction  monotonic 

SubTypes  (linear  asymptotic-approach)) 

(defBehavioral-Abstraction  linear) 

(defBehavioral-Abstraction  cyclic 

SubTypes  (sinusoidal  ramp-cyclic  simple-cyclic)) 

(defBehavioral-Abstraction  sinusoidal) 
(defBehavioral-Abstraction  ramp-cyclic) 
(defBehavioral-Abstraction  simple-cyclic) 

(defBehavioral-Abstraction  asymptotic-approach 
SubTypes  (approach-constant  dual-approach)) 

(defBehavioral-Abstraction  approach-constant) 

(defBehavioral-Abstraction  dual-approach 

SubTypes  (dual-approaching  dual-approach-finish)) 

(defBehavioral-Abstraction  dual-approaching) 
(defBehavioral-Abstraction  dual-approach-finish) 

;;;  Compile  it 

(compile-abstraction-hierarchy) 
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D.2  Past  Observations 


Tido  container  Itijvi'i  f'"'' 

(smardef Entity  water) 

(smeidelEntity  liquid  rconstant?  t) 

(8me:def Entity  beakerS) 

(siBe:delEntity  vial2) 

(8Be:delEntity  c8-Bater-beaker) 

(8Be:delEntity  c8-water-vial) 

(8Be:delEntity  pipel) 

(deX0b8ervation  2-container-lX 
Behavior  2-container-lX 
Individuala  (beakerS  vial2  pipel) 

World  ((contained-liquid  C8-vater-beaker) 

(container-oX  C8-water-beaker  beakerB) 

(8ub8tance-oX  c8-sater-beaker  water) 

(contained-liquid  cs-water-vial) 

(container-oX  c8-water-vial  viaJ.2) 

(eubatance-oX  C8-water-vial  water) 

(can-contain  beakerS  water) 

(can-contain  vial2  water) 

(aubatance  water) 

(Liquid  water) 

(Fluid-Path  pipel) 

(Phyaical-Path  beakerB  vial2  pipel))) 

(deXBSegaent  2-container-lX 
Cheuracterizationa  ((Batter-aoveBent  TaelX) 

(continuoua-BOveBent  TaelX) 

(dual-approach-Xiniah  ?8elX)) 

CoBponenta  (2-container-8it0  2-container-8itl) 

Relationa  ((aeeta  2-container-8it0  2-container-8itl) ) ) 

(deXSituation  2-container-8it0 
Characterizationa  ((Batter-noveBent  TaelX) 

(continuoua-BOveBent  TaelX) 

(dual-approaching  TaelX)) 

Proceaaea  ((liquid-Xlow  pil  ((Taubat  .  water) (?8 our ce  .  beakerB) (Tarc-ca  .  ca-water-beaker) 

(Tdeatination  .  vial2) (Tdat-ca  .  ca-water-vial)  (?path  .  pipel))) 
(containad-Xluid  ((?ca  .  ca-water-beaker) (?8ub  .  water) 

(?container  .  beakerB))) 

(contained-Xluid  ((?ca  .  ca-water-vieil) (?8Ub  .  water) 

(?container  .  vial2)))) 

Individuala  (water  ca-water-beaker  ca-water-vial  beakerB  vial2  pipel  liquid) 

DynaBica  ((Decreaaing  (ABOunt-oX  ca-water-beaker)) 

(Decreaaing  (Preaaure-in  beakerB)) 

(Increaaing  (ABOunt-oX  ca-water-vial)) 

(Increaaing  (Preaaure-in  vial2)) 

(Exponential-Approach-Dual  (Preaaure-in  beakerB)  (Preaaure-in  vial2)) 

(Greater-Than  (A  (Preaaure-in  beakerB))  (A  (Preaaure-in  vial2))))) 
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(delSituation  2-container-8itl 

Individuals  (cs-vater-beaker  cs-vater-vial) 

Dyi^anics  ((Constant  (aaount-ol  wS-vatar-baakar) ) 

(Constant  (Prassnra-in  baakarS)) 

(Constant  (Aaount-ol  cs-vatar-vial)) 

(Constant  (Prassnra-in  vial2)) 

(Equal-to  (A  (Prassura-in  baakarS))  (A  (Prassura-in  vial2))))) 

;;;  Liquid  draining  from  a  leaky  cup 

(sBa:dalEntity  satar) 

(smaidalEntity  laaky-cup) 

(sma:dalEntity  cs-laaky) 

(sma'.dalEntity  sinkS) 

(sma:dalEntity  cs-sinkS) 

(smaidalEntity  hola7) 

(daiObservation  liquid-draining 

Behavior  liquid-draining-bahavior 

Individuals  (laaky-cup  cs-laaky  aatar  sinkS  cs-sinkS  hole7) 

World  ((Liquid-Sink  sinkS) 

(container  laaky-cup) 

(can-contain  laaky-cup  satar) 

(containad-liqnid  cs-laaky) 

(containar-ol  cs-laaky  laaky-cup) 

(substanca-of  cs-laaky  uatar) 

(can-contain  sinkS  vatar) 

(containad-liquid  cs-sinkS) 

(containar-ol  cs-sinkS  sinkS) 

(substanca-of  cs-sinkS  vatar) 

(substance  vatar) 

(Liquid  vatar) 

(Hola-ol  laaky-cup  hola7) 

(Fluid-Path  hola7) 

(Physical-Path  laaky-cup  sinkS  hola7))) 

(dafBSagnant  liquid-draining-bahavior 
Characterizations  ((mattar-novanant  ?sall) 

(continuous-Bovamant  Tsall) 

(■onotonic  ?sall)) 

Components  (liquid-draining-bsag  liquid-drainad-bseg) 

Relations  ((meats  liquid-draining-bsag  liquid-drainad-bsag))) 

(daf Situation  liquid-draining-bsag 
Characterizations  ( (mattar-movamant  Tsall) 

(continuous-movement  ?sall) 

(monotonic  Tsalf)) 

Procassas  ((liquid-llov  pil  ((Tsubst  .  vatar) (Tsource  .  laaky-cup) (?src-cs  .  cs-laaky) 

(Tdastination  .  sinkS) (?dst-cs  .  cs-sinkS) (?path  .  hole7))) 
(liquid-drain  pi2  ((Tsink  .  sinkS) (?8ink-c8  .  cs-sinkS) (?11  .  pil)))) 
Individuals  (laaky-cup  cs-laaky  vatar  sinkS  cs-sinkS  hola7) 

Dynamics  ((Decreasing  (Amount-of  cs-laaky)) 
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(Gra&ter-than  (A  (Amount-ol  C8-I«aky))  zero))) 

(dafSituation  liquid-drainad-bsag 
Individuals  (cs-leaky) 

Dynaaics  ((Constant  (Aaount-of  cs-leaky)) 

(Equal-to  (A  (Aaount-ol  cs-leaky))  zero))) 

;;;  Boiling 

(sme: del entity  water) 

(sme:delentity  nagnadite) 

(8me:delentity  illini-water) 

(8me:dalentity  illini-steaa) 

(smeidelentity  westingkouse) 

(delObservation  boiling-obs 

Behavior  boiling-behavior 

Individuals  (westinghouse  nagnalite  illini-water  illini-steao) 

World  ((stove  westinghouse) 

(pan  nagnalite) 

(contained-liquid  illini-water) 

(substance-ol  illini-water  water) 

(container-ol  illini-water  magnailite) 

(state-ol  illini-water  liquid) 

(contained-gas  illini-stean) 

(substance-ol  illini-steam  water) 

(container-ol  illini-stean  nagnalite) 

(state-ol  illini-stean  gas) 

(can-contain  nagnalite  water) 

(themal-object  westinghouse) 

(themal-object  illini-water) 

(heat-source  westinghouse) 

(physical-path  westinghouse  illini-water  nagnalite) 

(heat-path  nagnalite))) 

(defBSegnent  boiling-behavior 
Characterizations  ( (iluidic-phase-change-nove  ?self) 

(continuous-novenent  ?self) 

(nonotonic  ?sell)) 

Components  (boiling-bseg  boiling-dry) 

Relations  ((meets  boiling-bseg  boiling-dry))) 

(defSituation  boiling-bseg 

Characterizations  ((iluidic-phase-change-nove  ?seli) 

(continuous-novenent  Tsell) 

(nonotonic  ?self)) 

Processes  ((heat-flow  pil  ((?sourco  .  westinghouse) (?destination  .  illini-water) 

(?path  .  nagnalite))) 

(boiling  pi2  ((?container  .  nagnalite) (Tsubst  .  water) (?cl  .  illini-water) 
(?cg  .  illini-stean) (?hf  .  pil))) 

(heat-replenish  pi3  ((?8ource  .  westinghouse) (?hf  .  pil)))) 

Individuals  (water  westinghouse  nagnalite  illini-water  illini-stean) 

Dynamics  ((Constant  (Temperature  westinghouse)) 
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(Constant  (Tenparatura  illini-aatar)) 

(Eqnal-to  (A  (Tanparatora  sastinghousa) )  (A  (Tanparatura  illini-vatar) ) ) 
(Graatar-than  (A  (Anoont-of  illini-vatar) )  zaro) 

(Docreasing  (Aronr‘-ol  illini-satar) ) 

(Incraasing  (Aaount-of  illini-steaa) ) ) ) 

(dalSituation  boiling-dry 
Individuals  (illini-vatar) 

Dynanics  ((Constant  (Anount-of  illini-satar)) 

(Equal-to  (A  (Aaount-ol  illini-vatar) )  zaro) 

(Graatar-than  (A  (Aaount-of  ill ini-staaa) )  zaro))) 


;;;  Dissolving 

(sma:dalontity  satar) 

(sma:daiantity  vatarl) 

(sma:dafantity  gla8s4) 

(smaidafantity  S2d.tl) 

(dalObsarvation  dissolving 

Bahavior  dissolva-bahavior 
Individuals  (vatarl  vatar  saltl  glasa4) 

World  ((containad-liquid  vatarl) 

(substanca-ol  vatarl  vatar) 

(containar-of  vatarl  glass4) 

(stata-ol  vatarl  liquid) 

(solid  saltl) 

(solubla  saltl) 

(solubla-in  saltl  vatarl) 

(solution  vatarl) 

(isHsarsed-in  saltl  vatarl))) 

(dafBSagnant  dissolva-bahavior 
Charactarizations  ((solid-phasa-changa-nova  ?sall) 
(continuous-novamant  ?aall) 

(monotonic  ?sali)) 

Componants  (dissolving  dissolva-stoppad) 
halations  ((naats  dissolving  dissolva-stoppad))) 

(dafSituation  dissolving 

Charactarizations  ((solid-phasa-changa-nova  Tsalf) 
(continuous-novamant  Tsall) 

(monotonic  ?salf)) 

Procassas  ((dissolva  pil  ((?soluta  .  saltl) (?solution  .  vatarl))) 
(solution  ((?solntion  .  vatarl)))) 

Dynamics  ((Graatar-than  (A  (Amount -of  saltl))  zaro) 

(Dacraasing  (Amount-of  saltl)) 

(Incraasing  (Concantration  vatarl)))) 

(dafSituation  dissolva-stoppad 

Individuals  (vatar  glas84  vatarl  saltl) 

Procassas  ((solution  ((?solution  .  vatarl)))) 

Dynamics  ((Constant  (Amount-of  saltl)) 
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(Constant  (Concentration  vaterl)) 

(Eqnal-to  (A  (Anount-of  saltl))  zero})) 

;;;  Spring  osciliaiing 

(sne:delEntity  sn-sys) 

(smeidef Entity  springs) 

(sBie:delEntity  blocks) 

(snerdelEntity  mechanical  : constant?  T) 

(delObservation  spring-mass-oscillator 
Behavior  spring-mass-oscillating 
Individuals  (sm-sys  springs  blocks) 

World  ((Connected  springs  blockS) 

(Spring-Kass-Systea  sm-sys  springs  blocks) 

(Spring  springs) 

(Block  blocks) 

(Compressing-Qbject  stringl) 

(Translating-object  blocks))) 

(delBSegment  spring-mass-oscillating 

Characterizations  (; (matter-movement  ?sell) 

; (corpnscular-movement  ?self) 

(sinusoidal  ?sell)) 

Components  (spring-mass-sl  spring-mass-s2  spring-mass-s3  spring-mass-s4 
spring-mas s-sS  spring-mass-s6  spring-mzuss-sT  spring-maas-s8) 

Relations  ((meets  spring-mass-sl  spring-mass-s2) 

(meets  spring-mass-s2  spring-mass-s3) 

(meets  spring-mass-s3  spring-mass-s4) 

(meets  spring-mass-s4  spring-mass-sS) 

(meets  spring-mass-sS  spring-mass-s6) 

(meets  spring-mass-s6  spring-mass-s7) 

(meets  spring-mass-s7  spring-mass-sB) 

(meets  spring-mass-sS  spring-mass-sl))) 

:::  - o— [<]— 

(delSituation  spring-mass-sl 
Processes  ((Spring  ((Tspring  .  springs))) 

(Translating-Object  ((?obj  .  blocks))) 

(Applied-Force  viO  ((?src  .  springS)(?dst  .  blocks) 

(?lorce  .  restorative-lorce) (?acc  .  acceleration))) 
(Spring-Nass-System  ((?systam  .  sm-sys) (?spring  .  springs) (?mass  .  blocks)))) 
Individuals  (springs  blocks) 

Dynamics  ((Decreasing  (Displacement  springs)) 

(Decreasing  (Position  blocks)) 

(Decreasing  (Velocity  blocks)) 

(Less-than  (A  (Velocity  blocks))  ZERO) 

(Greater-Than  (A  (Position  blockS))  zero) 

(Greater-Than  (A  (Displacement  springs))  zero))) 

- — C<o] - 

(defSituation  spring-mass-s2 

Processes  ((Spring  ((?spring  .  springS))) 
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(Tranalating-Object  ((?obj  .  blocks))) 

(Spring-Hass-Syste*  ((?8ystaa  .  sa-sys) (?spring  .  springs) (?mass  .  blocks)))) 
individuals  (springs  blocks) 

Dynamics  ((Dacrsasing  (Displacaasnt  springS)) 

(Dacr easing  (Position  blocks)) 

(Constant  (Velocity  blocks)) 

(Less-than  (A  (Velocity  blocks))  ZERO) 

(EquaJ.-To  (A  (Position  blocks))  ZERO) 

(Equal-To  (A  (Displacement  springs))  ZERO))) 

- - - 

(delSituation  spring-mas s-s3 

Processes  ((Spring  ((?spring  .  springs))) 

(Translating-Qbject  ((?obj  .  blocks))) 

(Applied-Force  viO  ((?src  .  springS)(?dst  .  blocks) 

(?lorce  .  restorative-force) (?acc  .  acceleration))) 
(Spring-Mass-System  ((?system  .  sm-sys) (?spring  .  springs) (?mas8  .  blocks)))) 
Individuals  (springs  blocks) 

Dynamics  ((Decreasing  (Displacement  springS)) 

(Decreasing  (Position  blocks)) 

(Increasing  (Velocity  blocks)) 

(Less-than  (A  (Velocity  blocks))  ZERO) 

(Less-Than  (A  (Position  blocks))  zero) 

(Less-Than  (A  (Displacement  springS))  zero))) 

□- - 0 - 

(defSituation  spring-ma88-a4 
Processes  ((Spring  ((?spring  .  springS))) 

(Applied-Force  viO  ((?src  .  apringS)(?dst  .  blocks) 

(?force  .  restorative-force) (?acc  .  acceleration))) 
(Spring-Mass-System  ((?system  .  sm-sys) (?spring  .  springs) (’mass  .  blocks)))) 
Individuals  (springs  blocks) 

Dynamics  ((Constant  (Displacement  springs)) 

(Constant  (Position  blocks)) 

(Increasing  (Velocity  blocks)) 

(Equal-To  (A  (Velocity  blocks))  ZERO) 

(Less-Than  (A  (Positicn  blocks))  zero) 

(Less-Than  (A  (Displacement  springS))  zero))) 


—  C>]-0— 

(defS; ‘.nation  spring-mass-sS 

Processes  ((Spring  ((’spring  .  springs))) 

(Translating-Objact  ((?obj  .  blocks))) 

(Applied-Force  viO  ((’src  .  springSX’dst  .  blocks) 

(?force  .  restorative-force) (?acc  .  acceleration))) 
(Spring-Nass-System  ((’system  .  sm-sys) (?spring  .  springS) (’mass  .  blocks)))) 
Individuals  (springs  blocks) 

Dynamics  ((Increasing  (Displacement  springs)) 

(Increasing  (Position  blockS)) 

(Increasing  (Velocity  blocks)) 

(Greater-than  (A  (Velocity  blocks))  ZERO) 
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(Lett-Than  (A  (Position  blocks)}  zsro) 

(Lsss-Than  (A  (Di  placsmsnt  springs))  zero))) 

;;;  - [0>] - 

(def Situation  spring-mass-s6 
Processes  ((Spring  ((Tspring  .  springs))) 

(Translating-Object  ((?obj  .  blocks))) 

(Spring-Mass-Syste*  ((?systom  .  sm-sys) (’spring  .  springs) (’mass  .  blocks)))) 
Individuals  (springs  blockS) 

Dynamics  ((Increasing  (Displacement  springS)) 

(Increasing  (Position  blocks)) 

(Constant  (Velocity  blocks)) 

(Greater-than  (A  (Velocity  blockS))  ZERO) 

(Equal -To  (A  (Positiwu  blockS))  Zero) 

(Equal-To  (A  (Displacement  springs))  Zero))) 

:::  -o-C>] - 

(delSituation  spring-mass-a7 

Processes  ((Spring  ((?spring  .  springs))) 

(Translating-Object  ((?obj  .  blocks))) 

(Applied-Force  viO  ((?arc  .  springs) (’dst  .  blocks) 

(?force  .  restorative-iorce) (?acc  .  acceleration))) 
(Spring-Mass-System  ((?syatem  .  sm-sys) (’spring  .  springS) (?mass  .  blocks)))) 
Individuals  (springS  blockS) 

Dynamics  ((Increasing  (Displacement  springs)) 

(Increasing  (Position  blocks)) 

(Decreasing  (Velocity  blocks)) 

(Greater-than  (A  (Velocity  blocks))  ZERO) 

(Greater-Than  (A  (Position  blocks))  zero) 

(Greater-Than  (A  (Displacement  springs))  zero))) 

:::  --o - □ 

(deTSituation  spring-mass-sS 
Processes  ((Spring  ((’spring  .  springs))) 

(Applied-Force  viO  ((?src  .  springS)(’dst  .  blocks) 

(?force  .  restorative-force) (’acc  .  acceleration))) 
(Spring-Mass-System  ((?system  .  sm-sys) (’spring  .  springS) (?mass  .  blocks)))) 
Individuals  (springs  blocks) 

Dynamics  ((Constant  (Displacement  springs)) 

(Constant  (Position  blocks)) 

(Decreasing  (Velocity  blocks)) 

(Eqnal-To  (A  (Velocity  blocks))  ZERO) 

(Greater-Than  (A  (Position  blocks))  zero) 

(Greater-Than  (A  (Displacement  springs))  zero))) 

;;;  Air  plane  wtng 

(sme: def Entity  vingd  -type  physob) 

(sme.'defEntity  air-stream9  -type  physob) 

(defObservation  air-plane-ving 
Behavior  plane-ving-lift 
Individuals  (vingS  air-stream9) 


235 


World  ((Touching  air-ttrouW  (Tsido  vingS)} 

(Touching  air-str«aa9  (Baida  uingd)) 

(Flo*ing-Air  air-atraaaW) 

(Phyaob  uing9) 

(Envalopad  uing9  air-atraaB9) 

(obj act-part -of  (Taida  uing9)  uing9) 

(obj act -part -of  (Baida  sing9)  wing9) 

(Oppoaita-aidaa  (Taida  0ing9)  (Baida  Bing9)) 

(darivativa-of  (poaition  0ing9)(valocity  0ing9)) 

(Equal-to  (A  (Curvatura  (Baida  »ing9)))  (A  (Curvatura  (Taida  wing9)))))) 

(daf Situation  plana-wing-lift 
Charactarizationa  ((fluid-flow  ?aalf)) 

Procaaaaa  ((air-plana-wing  ((?wing  .  wing9))) 

(air-contact  wiO  ((?air  .  air-atraaa9} (?obj  .  ning9) 

(?po8-part  .  (Taida  wing9) ) (?nag-part  .  (Baida  wing9)))) 
(air-plana-lift  vil  ((?air  .  air-atraajn9)(?obj  .  wing9)(?part  .  (Taida  wing9)))) 
(air-plana-lift  vi2  ((?air  .  air-atraam9)(?obj  .  uing9)(?part  .  (Baida  wing9)))) 
(appliad-forca-poa  piO  ((?obj  .  wing9)(?part  .  (Baida  wing9)) 

(?arc  .  air-atraaa9) ) ) 

(appliad-forca-nag  pil  ((?obj  .  wing9)(?part  .  (Taida  Bing9)) 

(?arc  .  air-atraam9) ) ) ) 

Individuala  (air-atreaa9  Bing9) 

Dynamica  ((Conatant  (Poaition  wing9)) 

(Conatant  (Valocity  wing9)))) 
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Appendix  E 

Language  Declarations 


All  predicates  must  be  declared  to  SME  prior  to  use.  Each  declaration  defines  the  predicate's 
arity,  a  name  and  type  for  each  argument,  and  the  next  most  general  type  to  which  the 
predicate  maps.  Predicates  may  additionally  be  declared  commutative,  in  which  the  order 
of  arguments  is  unimportant  when  matching,  and/or  n-ary,  in  which  the  predicate  can 
taJ<e  any  number  of  arguments.  This  section  presents  a  complete  listing  of  the  language 
declarations  used  for  PHINEAS. 

;;;;  Standard  entities 

(smardaf entity  z«ro  :typ«  nuabar  : constant?  t) 

(saardalantity  ataosphara  :typa  physob  :constant?  t) 

;;;;  Predicates 

Time 

(saa'.dalPradicata  At  ((object  jaysob)(tiaa  tiaa-intarval) )  function  : expression-type  slice) 
(saa:defPradicata  Situation  ((tiaa-tokan  tiaa-intarval) (relations  sat))  relation 
: azprassion-typa  :toaporal) 

(saa:daf Predicate  Bsag  ((tiaa-tokan  tiaa-intarval})  Attribute) 

(saa.'daf Predicate  Neats  ((before  tiaa)(aftar  tiaa))  Relation 

:docuaantation  ''(before  after);  interval  before  ends  at  point  where  interval  after  begins.' 
(saeidef Predicate  Suaaary-of  ((parant-tiae  tiae)(set  set))  relation) 

Dertvatives 

(saerdef Predicate  Decreasing  ((arg  linear))  Relation) 

(sae:daf Predicate  Increasing  ((arg  linear))  Relation) 

(saeidef Predicate  Constant  ((arg  linear))  Relation) 

;;;  Change  descriptors 
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(sm«:dalPTedicat«  Exponential -Decay  ((Q  quantity))  Relation) 

(sne'.deiPredicate  Exponential-Growth  ((Q  quantity))  Relation) 

(sme.'def Predicate  Exponential- Approach  ((Q  quantity))  Relation) 

(sme:dolProdicate  Exponential- Approach-Dual  ((Q-decreasing  quantity) (Q- increasing  quantity)) 
Relation) 

Inequality  information 

(smeidelPredicate  Equal-To  ((argl  linear)  (arg2  linear))  relation  : conunutative?  t) 
(soe:delPredicate  Greater-Than  ((argl  linear)  (arg2  linear))  relation 
'.equivalent  ((leas-than  arg2  argl))) 

(sme:delPredicata  Less-Than  ((argl  linear)  (arg2  linear))  relation 
: equivalent  ((greater-than  arg2  argl))) 

(8ae:dalPredicate  Unrelated  ((argl  linear)  (arg2  linear))  relation  : commutative?  t) 

;;;  Quantities 

;;;  The  delQtype  form  is  a  PHIVEAS  routine  which  invokes  delPredicate 
;;;  as  well  as  identifying  it  as  a  quantity  for  PHIIEAS  internal  use. 

(delQtype  Change-Rate  ((obj  phyaob))  lunction  '.expression-type  rate) 

(deiqtype  Amount-of  ((obj  physob))  lunction  : expression-type  extensive-quantity) 

(delQtype  Amount-ol-in  ((sub  physob) (state  state) (container  physob))  lunction 

: expression-type  extensive-quantity) 

(deiqtype  Pressure  ((obj  physob))  lunction  : expression-type  intensive-quantity) 

(delQtype  Volume  ((obj  physob))  lunction  : expression-type  extensive-quantity) 

(delQtype  Surlace-Area  ((obj  physob))  lunction  : expression-type  extensive-quantity) 

(delQtype  Contact -Surl ace  ((objl  physob) (obj2  physob))  lunction 

: expression-type  extensive-quantity) 

(delQtype  Pressure-in  ((object  physob))  lunction  : expression-type  intensive-quantity) 
(delQtype  Temperature-in  ((object  physob))  lunction  : expression-type  intensive-quantity) 

(delQtype  Heat  (physob)  lunction  ; expression-type  extensive-quemtity) 

(delQtype  Temperature  ((obj  physob))  lunction  : expression-type  intensive-quantity) 

(delQtype  Tboil  (physob)  lunction  : expression-type  temperature) 

(delQtype  Mass  ((obj  physob))  lunction  : expression-type  extensive-quantity) 

(delQtype  Noment-ol-Inertia  ((obj  physob))  lunction  : expression-type  mass) 

(delQtype  Position  ((obj  physob))  lunction  : expression-type  distance  : spatial  : linear) 
(delQtype  Angle  ((obj  physob))  lunction  : expression-type  distance  ; spatial  : angular) 
(delQtype  Displacement  ((obj  physob))  lunction  ; expression-type  distance  : spatial  : linear) 
(delQtype  Angular-Displacement  ((obj  physob))  lunction  :expression-typo  distance 

'.spatial  : angular) 

(delQtype  Velocity  ((obj  physob))  lunction  : expression-type  rate  -.spatial  .linear) 
(delQtype  Angular-Velocity  ((obj  physob))  lunction  : expression-type  velocity 

: spatial  : angular) 

(delQtype  Acceleration  ((obj  physob))  lunction  : expression-type  rate  :apatial  ;linear) 
(delQtype  Angular-Acceleration  ((obj  physob))  lunction  : expression-type  acceleration 

: spatial  : angular) 
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(d«fQtyp«  Coapliaac*  ((obj  physob))  lunction  : express ion-typ«  extensive-quantity) 

(defQtype  Concentration  ((obj  liquid))  function  : expression-type  intensive-quantity) 

(delQtype  Saturation-Point  ((obj  liquid))  function  : expression-type  concentration) 

(defQtype  Force-Restoring  ((obj  physob))  function  : expression-type  force) 

(defQtype  Internal-force  ((obj  physob))  function  : expression-type  force) 

(defQtype  Restorative-force  ((obj  physob))  function  : expression-type  force) 

(defQtype  Torque  ((obj  physob))  function  : express ion-type  force) 

(defQtype  Energy  ((obj  physob))  function  : expression-type  extensive-quantity) 

(defQtype  Kinetic-Energy  ((obj  physob))  function  : expression-type  energy) 

(defQtype  Total-Energy  ((obj  physob))  function  : expression-type  energy) 

(defQtype  Potential-Energy  ((obj  physob))  function  : expression-type  energy) 

(defQtype  Length  ((obj  physob))  function  : expression-type  distance  : spatial  ; linear; 

(defQtype  Rest-Length  ((obj  physob))  function  : expression-type  length  rspatial  :linear) 

(defQtype  Charge  ((obj  physob))  function  : expression-type  extensive-quantity) 

(defQtype  Current  ((obj  physob))  function  ; expression-type  rate) 

(defQtype  Voltage  ((obj  physob))  function  : express ion-type  extensive-quantity) 

(8me:def Predicate  Quantity  ((obj  physob))  function) 

(snerdef Predicate  Rate  ((Q  quantity))  function  : expression-type  quantity)  ;••• 

(sae:def Predicate  Intensive-Quantity  ((quantity  quantity))  function  : expression-type  quantity) 
(sBe:def Predicate  Extensive-Quantity  ((quantity  quantity))  function  : expression-type  quantity) 
(sme:def Predicate  Linear  ((nun  linear))  function) 

(sBe:def Predicate  lumber  ((Q  quantity))  function  ; expression-type  linear) 

(sBe:def Predicate  Ordinal  ((Q  ordinal))  function  ’.expression-type  linear) 

;;;  Miscellaneous  movements 

(sBe’.def Predicate  Moving-Object  ((obj  physob))  relation) 

(sBe:defPredicate  Translating-Object  ((obj  physob))  relation  : expression-type  moving-object) 
(smerdef Predicate  Rotating-Object  ((obj  physob))  relation  ; expression-type  moving-object) 

(sme : def Predicate  Oefoxned-Object  ((obj  physob))  relation) 

(sBe:def Predicate  Tuisting-Object  ((obj  physob))  relation  ‘.expression-type  deformed-object) 
(sme rdefPredicate  CoBpressing-Object  ((obj  physob))  relation  : expression-type  deformed-object) 

;;;  QP  syntax 

(sBerdefpredicate  A  ((Q  quantity})  function  : expression-type  number) 

(sme: def predicate  D  ((Q  quantity))  function  : expression-type  number) 

(sBs: def predicate  Q®  ((quantity  quantity)  (exp  math-expression))  relation) 

(sme: def Predicate  Qprop  ((Ql  quantity)  (Q2  quantity))  relation) 

(sme: def Predicate  Qprop-  ((Ql  quantity)  (Q2  quantity))  relation) 

(sme: def Predicate  I-  ((Influenced  quantity)  (Influencer  number))  relation) 

(smerdefPredicate  1+  ((Influenced  quantity)  (Influencer  number))  relation) 

(sme: def Predicate  CTrans  ((source  quantity) (dest  quantity) (rata  quantity))  relation) 

(sme; def Predicate  Exists  ((obj  physob))  attribute) 

(sme: def Predicate  -  ((Q  quantity) (form  expression))  relation  :n-ary?  T) 

(sme:defPredicate  +  ((Q  quantity) (form  expression)}  relation) 

(smeidefPredicate  *  ((Ql  quantity)(Q2  quantity))  relation) 
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( sm« ; def Pradicat • 

( saa : dalPr adicat  a 
( saa : dalPradicata 
( saa : daf Pr adicat  a 
(saa:dalPradicata 
(aaa :dafPradicata 
( saa : daf Pradicat a 
( saa : daf pradicata 
( saa : dalPr adicat  a 
(saa:dafPradicata 

Logic 

(sBa:dalPradicata 

(saa.-dafPradicata 

(saa:dalPradicata 

(saa:dafPredicata 

( saa : daf pradicata 

(saa;dafPradicata 


,•,7  Process  quantities 


Procass-Oaf inition  ((naaa  procassXPI  procass-instanca) 

(consaquancas  santanca))  relation) 

Packet-Definition  ((P-naaa  packet) (consaquancas  sentence))  relation) 
Vias-Daf inition  (santanca)  relation) 

Process  (entity)  attribute) 

Individual  ((individual  itaa) (conditions  expression))  relation) 
Conditions  ((condition  expression))  relation  : coBBUtative?  t  tn-ary?  t) 
Has-Quantity  (quantity  entity)  attribute) 

Procass-instanca-of  ((procass-typa  process) (process-token  pid))  relation) 
Active  ((process  process-instance))  attribute  : expression-type  sentence) 
Correspondence  ((pairl  pair)(pair2  pair))  relation) 


not  (santanca)  relation) 

Implies  ((antecedent  predicate)  (consequent  predicate))  relation 
: expression-type  liaplicational) 

Causa  ((antecedent  event)  (consequent  event))  relation 
:  expression-type  tiaplicationail) 

Supports  ((antecedent  predicate)  (consequent  predicate))  relation 
:  expression-type  .'iaplicationed.) 

or  ((disjunct  sentence)  (disjunct  sentence))  logical 
:n-ary?  T  : commutative?  T  rrelgroup?  T) 
and  ((conjunct  sentence)  (conjunct  sentence))  logical 
:n-ary?  T  ; commutative?  T  :relgroup?  T) 


(defQtype  Vaporization-Rate  ((obj  physob))  function  : expression-type  rate) 
(defQtype  Heat-Flou-Rate  ((obj  physob))  function  : expression-type  rate) 
(defQtype  Flow-Rate  ((obj  physob))  function  : express ion-type  rate) 
(defQtype  Restorative  ((obj  physob))  function  : expression-type  number) 
(defQtype  Replanish-Rate  ((obj  physob))  function  : expression-type  rate) 
(defQtype  Absorption  ((obj  physob))  function  .'expression-type  number) 
(defQtype  Dissolve-Rate  ((obj  physob))  function  : expression-type  number) 


,77  Objects 

( sma : def Predicate 
( sme : def Predicate 
( sme : def Predicate 
( sae : def Predicate 
( sae : def Predicate 
( sae : daf Predicate 
(sae: def Predicate 
(saa: daf Predicate 
( sae : daf Predicat e 
( sae : def Predicate 
( saa : def Predicate 
(sae: def Predicate 

;;;  Set  notation 


Physob  ((obj  physob))  attribute) 

Spring  ((obj  physob))  attribute  :expression-type  physob) 
Block  ((obj  physob))  attribute  : express ion-type  physob) 
Inductor  ((obj  physob))  attribute  :expression-type  physob) 
Capacitor  ((obj  physob))  attribute  :expression-tjrpe  physob) 
Container  ((obj  physob))  attribute  : expression-type  physob) 
Pan  ((obj  physob))  attribute  '.expression-type  container) 
Pipe  ((obj  physob))  attribute  : expression-type  physob) 

Stove  ((obj  physob))  attribute  : expression-type  physob) 
Beaker  ((obj  physob))  attribute  .-expression-type  physob) 
Ball  ((obj  physob))  attribute  : expression-type  physob) 
String  ((obj  physob))  attribute  ; expression-type  physob) 
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(»«:d«lPr«dic&t«  S«t  ((set-itea  phjsob))  relation  :coBBatativ«?  T  ;n-ary?  T  -.ralgroup?  T) 
(8ae:dafPr*dicat«  Pair  ((objl  phyaob)(obj2  physob))  relation  rcoomutative?  T) 

(saerdef Predicate  Ordered-Pair  ((objl  physob) (obj2  physob))  relation) 

;;;  Phase  states 

(saerdefPredicate  Phase  ((substance  physob))  relation 

:docuaentation  "(substance):  top-level  node  representing  substance  is  in  some  phase  state") 
(sae:delPredicate  Solid  ((substance  physob))  relation  : expression-type  phase) 

(sae:delPredicate  Liquid  ((substance  physob))  relation  : expression-type  phase) 
(saeidelPredicate  Gas  ((substance  physob))  relation  : expression-type  phase) 

;;;  Paths 

(sme:def Predicate  conduit  ((path  physob))  relation) 

(sme:delPredicate  fluid-path  ((path  physob))  relation  : expression-type  conduit) 

(sneidef Predicate  heat-path  ((path  physob))  relation  : expression-type  conduit) 

(smetdef Predicate  closed-path  ((object  physob)  (end-points  pair))  relation) 

;;;  Path  alignment 

(sme:def Predicate  Aligned  ((generic-path  path))  attribute 

: documentation  "(generic-path):  sill  currently  alios  its  substance  to  pass  through") 
(sme:defPredicate  Heat-Aligned  ((heat-path  heat-path))  attribute  : express ion-type  aligned 
: documentation  "(heat-path):  the  specified  object  is  currently  a  FUlCTIOIAL  heat  path") 
(sme:def Predicate  Fluid-Aligned  ((fluid-path  fluid-path))  attribute  '.expression-type  aligned 
; documentation  "(fluid-path):  the  specified  object  is  currently  a  FUlCTIOIAL  fluid  path") 
(ame:def Predicate  Gas-Aligned  ((gas-path  gas-path))  attribute  : expression-type  aligned 
: documentation  "(gas-path):  the  specified  object  is  currently  a  FUlCTIOIAL  gas  path") 

Spatial  relationships 

(sme:def Predicate  Physical-Proximity  ((object  physob) (object  physob))  relation  ; commutative?  T) 
(sme:def Predicate  Physicad-Path  ((objl  phy8ob)(obj2  physob)(path  physob))  relation 
: expression-type  physical -proximity) 

(sme:defPredicate  Touching  ((obj  physob)  (obj  physob))  relation 

: expression-type  physical -proximity  : commutative?  T) 

(sme:def Predicate  Connected  ((objl  physob) (obj2  physob))  relation 

: expression-type  physical-proximity  .-commutative?  T) 

(smerdef Predicate  Connection  (physob  physob  physob)  relation) 

(sme:def Predicate  Common-Face  ((objl  solid) (obj2  solid))  function  : expression-type  solid) 

;;;  Containment 

(sme:defpredicate  Containment  ((containee  physob) (container  physob))  relation 
: expression-type  physical-proximity) 

(sme:def predicate  Contained-in  ((containee  fluid) (container  physob))  relation 
'.expression-type  containment) 

(smerdefpredicate  Absorbed-in  ((absorbee  liquid) (absorber  solid))  relation 
: expression-type  containment) 
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(8ma;d«{pr«dicat«  Disparsed-in  ((soluta  fluid) (aolvant  fluid))  ralation 
: azprassiou-typa  coutainaaut) 

(saa.'dafpradicata  luarsad-in  ((containaa  solid) (containar  liquid))  ralation 
lazprassion-typa  physical-proziaity) 

(8Ba:dafpradicata  Floating- in  ((containaa  solid) (contadnar  liquid))  relation 
: azprassion-typa  physical-proziaity) 

(sna'.daf predicate  Containad-Fluid  ((cs  antity)(sub  substance) (can  container))  ralation) 

( daf Conpound-Ob j  act  Containad-Fluid ) 

(sBa:dafpradicata  Contained-Stuff  ((cs  entity))  ralation) 

(dafCoBpound-Objact  Contained-Stuff) 

(sBa: daf predicate  Containad-Liquid  ((cl  liquid))  ralation  : azprassion-typa  contained-stuff ) 
(daf CoBpound-Obj act  Containad-Liquid) 

( SBa: daf predicate  Containad-Gas  ((eg  gas))  ralation  : azprassion-typa  contained-stuff) 
(dafCoBpound-Objact  Containad-Gas) 

(sBs: daf Predicate  AtBosphara  ((air  gas))  ralation  : azprassion-typa  contained-gas) 

( SBa: daf predicate  can-containnant  ((container  antity)(8ub  entity))  ralation) 

( SBa: daf predicate  can-contain  ((container  antity)(2ub  entity))  relation 

: azprassion-typa  can-containBant) 

(sBa:dafpredicata  can-absorb  ((absorber  solid) (absorbaa  fluid))  relation 
: azprassion-typa  can-containaant ) 

(sBs: daf Predicate  Solution  ((solution  liquid))  ralation) 

(sBa:dafPradicata  Insoluble  ((obj  solid))  ralation) 

(sBa: daf Predicate  Soluble  ((obj  solid))  ralation) 

( SBa: daf Predicate  Solubla-in  ((solute  solid) (solvent  liquid))  ralation) 

Mtscellaneous 

(sBa:defPradicate  Active-Source  (pbysob)  attribute  :azpre88ion-typa  boolean) 

(sBa: daf Predicate  Function-Of  ((ql  linear) (q2  linear))  Ralation) 

(sBe:  daf  Predicate  state  ((st  in2LniBata))  attribute) 

(sBa:defPredicate  substance  ((sub  inaniBata))  attribute) 

(sBe.'defPradicate  vatar  ((substance  pbysob))  attribute  :ezprassion-typa  pbysob) 

(sBa:dafpredicata  bolds-liquid  ((obj  pbysob))  relation) 

( SBa: daf predicate  containar-of  ((cs  entity) (container  entity))  ralation) 

(sBa:defpradicat«  substanca-of  ((cs  entity) (substance  substance))  relation) 

(sBa: daf predicate  stata-of  ((cs  entity) (state  state))  ralation) 

(sBa: daf predicate  Voluae-Solid  ((obj  pbysob))  relation) 

( SBe :def predicate  Tberaal-obj ect  ((obj  pbysob))  relation) 

(8Ba:defpradicate  open  ((can  container))  relation) 

(sBe: daf predicate  closed-container  ((can  container))  ralation) 

( SBa: daf predicate  hole-of  ((can  container) (bole  pbysob))  ralation) 

(sBa: daf predicate  b-azplains  ((tbaorias  (set  tbaorias))  (situation  tiBa-intarval) )  relation 
:docuBantation  "(tbeorias  situation):  tbeorias  azplain,  via  b-analogy,  tbe  observation.") 
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(•■6;d«f predicate  flo«-proc«ss  (pid)  ralatioa) 

(sBa.'deiPradicata  liquid-sink  ((obj  physob))  attribute) 

(sBa:daf Predicate  heat-source  (entity)  attribute) 

(saerdef Predicate  source  (pid  entity)  relation) 

(sBe:def Predicate  destination  ((pid  process-instance) (entity  physob))  relation) 

(snerdef Predicate  isa  (entity  entity)  relation) 

(sae:def Predicate  force  ((from  physob)(to  physob))  relation) 

(sBierdef Predicate  force-application  ((froa  quantity) (to  quantity))  relation) 

(saerdef Predicate  force-type  (force-naae)  relation) 

(sae:def Predicate  dt  ((Q  quantity) (Derivative  quantity))  relation) 

(sae:def Predicate  derivative-of  ((Q  quantity) (Derivative  quantity))  relation) 

(saerdef Predicate  Spring-Mass-Systea  ((systea  entity) (spring  spring) (block  physob))  relation 
: expression-type  object-systea) 

(def Compound-Object  Spring-Mass-Systea) 

(saerdefPredicat^  object-systea  (entity  entity  entity)  relation) 

(sae: def Predicate  connected-to-spring  ((mass  physob) (spring  spring))  relation) 

(sae: def Predicate  sinusoidal  ((Q  quantity))  relation) 

(sae: def Predicate  90-degree-delay  ((referent  quantity) (delayed  quantity))  relation) 
(sne:defPredicate  mobile  ((obj  physob))  relation) 

: ; ;  Obscure  QPE  needs 

(sae: def predicate  PIO  ((arg  arguaent) (value  argument))  relation) 

(sae: def predicate  PIl  ((arg  arguaent) (value  arguaent))  relation) 

(sae-.defpredicate  PI2  ((arg  arguaent) (value  arguaent))  relation) 

(sae: def Entity  source  : constant?  T  :type  :proces8-arg) 

(sae: def Entity  destination  : constant?  T  :type  :proce88-arg) 
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